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Ports and container terminals have very complex and dynamic operations. 

Effective and efficient berth schedules are essential for profitable and sustainable 

operations. This research studies berth scheduling under uncertainties in arrival and 

handling times. Port operators usually face challenges in the development of berth 

schedules. This thesis presents a model formulation of discrete berth space that accounts 

for uncertainty in arrival and handling times. The problem is reformulated as a bi-

objective bi-level optimization berth scheduling problem. A solution approach is 

presented using evolutionary algorithms and heuristics. The objective of the formulation 

is to provide a robust berth schedule by minimizing the average and the range of the total 

service times for all vessels served at the terminal. Simulation is utilized to evaluate the 

proposed berth scheduling policy and compare it to two first-come-first-served policies. 

Results showed that the proposed berth schedules outperform under high congestion.     
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1. INTRODUCTION 

Ports and container terminals are key factors in today’s global economy. In 

particular, container ports are key players within any supply chain. Furthermore, ports are 

the tools and means for developing a country and are essential in the development of 

trade. In general, ports and container terminals are very dynamic and complex systems 

due to the high level of interaction with other systems and within their own operations. 

The level of complexity and challenge of port operations has driven different researchers 

around the globe to provide a better understanding of the system and to propose models 

to improve port operations. Ocean carriers and port operators are working closely to 

improve their services and reduce operating costs. They are looking for models to be 

more competitive, have higher profitability, and reduce operating costs. This research 

concentrates in the operations of a container terminal.  

There are three main components in any port operations: the seaside, the yardside, 

and the landside. This thesis addresses the challenge on the seaside for a container port; 

when port operators need to develop schedules that match berths availability and vessels 

needs. The yardside refers to operations in the yard area where containers are stored. The 

landside refers to operations that link the mainland with the port.   

The following sections in this chapter will provide general information about 

importance of the ports and trade levels. Also, it will provide detailed information about 

the layout and operations of container terminals, the challenges in container ports, the 
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types of scheduling problems, and berth scheduling. Specifically, this chapter discusses 

containerized trade trends, the role of maritime transportation, the parts and functions of 

ports and container ports, the port’s operations and challenges, the types of scheduling 

problems at a container terminal, berth scheduling and its importance, the factors to 

determine an optimal berth schedule, and the scope of this research. 

1.1 Trade Trends – Containerized Trade 

There are more than four thousand ports in one hundred ninety countries around 

the globe with very diverse types of operations. The trends in trade volumes are similar to 

the trends of gross domestic product for the world economy. In the past decades, trade 

volumes have been continuously increasing with some small down points. As the trade 

volumes for different types of products and cargo increase the infrastructure of the 

transportation types is challenged. Ports and port operations are essential parts of the 

marine transportation system because the majority of cargo trade is transported by water. 

Due to the level of complexity and the trade that takes place in ports they can be 

characterized as multimodal or intermodal facilities. 

According to the Review of Maritime Transport 2011, the world seaborne trade 

increased by 7% in 2010 compared to 2009 resulting in the loading of 8.4 billion tons of 

goods. The world exports in 2010 showed an increase of 16.2% along with an increase of 

world imports of 15.2% (United Nations Conference on Trade and Development 2011). 

The cargo distribution in 2010 was made up of 27.7% main bulks (iron ore, gram, coal, 

bauxite/alumina and phosphate), 32.7% liquid bulks products (mainly oil and petroleum 

products), and 39.5% container and other dry cargo. In addition, the world container port 

throughput increased by 13.3% in the same year. The international seaborne trade 
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according to the Review can be seen in Figure 1-1. From the figure it can be observed 

that the trend of world container trade has continuously increased over the years and this 

pattern will remain in the following years. 

Figure 1-1. International Seaborne Trade – World Trade Trends  
(Millions of tons loaded)  

Source: UNCTAD (United Nations Conference on Trade and Development 2011) 

In general terms, there has been an increase in seaborne trade since 2006 to 2010, 

with the exception of 2009 due to the economic crisis. Moreover, during the period from 

2006 to 2010 the total seaborne trade for all types of cargo presented an increase of 9.2%. 

Particularly, the seaborne trade for loaded dry cargo in 2010 showed an increase of 8.4% 

compared to the previous year. The dry cargo is mainly transported by containers which 

are metal boxes of 20 foot length, 8 foot wide, and 8.5 foot height. The unit of cargo 

capacity is Twenty-foot Equivalent Units (TEUs), which refers to the containers with 

twenty feet of length. 
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The World Bank records that trade volumes have reached over 538 million TEUs 

in 2010. The increase in trade volumes represents a recovery from 2009 trade, where 

there was a decrease trade of container cargo from 513 million TEUs in 2008 to 468 

million TEUs in 2009 (The World Bank Group 2013). Figure 1-2 presents information of 

the container port traffic in TEUs from 2002 to 2010. 

 
Figure 1-2. World Container Port Traffic (TEUs) 

 Source: World Bank (The World Bank Group 2013) 

If the overall trend for container trade is analyzed, it can be stated that the trade of 

container cargo is a segment with continuous growth (with the exception of 2009). The 

sustained growth of containerized cargo increases the pressure on the infrastructure of 

ports that handle such cargo. The terminals in a port that handle containerized cargo are 

referred as container terminals. A port may have different type of terminals depending on 

the type of operations and the services it provides. Ports are also known as multi-modal 

or intermodal facilities because they are locations where cargo is brought in and 

transferred out using different types of transportation methods such as vessels and trucks. 

Year 

Container  
Traffic  
(TEU) 
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1.2 Role of Maritime Transportation 

According to the Bureau of Transportation Statistics more than seventy five 

percent of the U.S. international freight is thru maritime transportation (Research and 

Innovative Technology Administration 2012). A large volume of international and 

domestic freight is carried out by U.S. Marine transportation system (Research and 

Innovative Technology Administration 2011). Container terminals are part of the marine 

transportation system infrastructure; they are terminals that handle the movement of 

containers. According to data from the Bureau of Transportation Statistics, shown in 

Figure 1-3, more than 75% of US international freight is through maritime transportation. 

It can be seen that almost 80% of freight tonnage in 2010 for the U.S. has been moved by 

water system.  

 
Figure 1-3. U.S. International Merchandise Trade by Transportation Mode: 2010 

Container ports in the U.S. play an important role in international trade and 

containerized traffic. In the report, a vision for the 21st Century, provided by the 

Maritime Administration, the U.S. is accounted as the second country in containerized 

traffic in the world. In addition, container traffic is becoming more concentrated due to 
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larger and faster vessels. For instance in 2009, the top three container lines were Maersk 

Line, Mediterranean Shipping Company, and CMA-CGM with fleet sizes of 2035, 1509, 

and 1021 thousand TEUs respectively (U.S. Department of Transportation, Research and 

Innovative Technology Administration 2010). According to the World Shipping Council 

2012, the top three container ports in the United States are Port of Los Angeles, Port of 

Long Beach, and Port of New York and New Jersey. While the top three container ports 

in the world in 2010 were the Port of Shanghai, the Port of Singapore, and the Port of 

Hong Kong. During 2010, the Port of Shanghai handled 29.05 million TEUs (Leach 

2011).  

1.3 Port Operations  

In a port there are different levels and stages of planning, as well as, types or areas 

of operations. For instance, there are three levels of planning stages which depend in the 

time horizon (long term, medium term, and short term) of the impact of the decisions. 

Planning decisions that have long and medium term impact are called strategic and 

tactical while decisions with short term time horizon are referred as operational. This 

research will concentrate in the operational type of decisions. Furthermore, port 

operations could be categorized in three areas according to their functions: seaside 

operations, landside operations, and yard operations (Theofanis et al. 2009). The seaside 

operations refer to the vessel movement, allocation of berth space, quay cranes, and 

mobile cranes. The yard operations refer to the storage of import and export containers, 

trucks, lifts, Internal Transportation Vehicles (ITVs), movers and stackers, and yard 

cranes. The landside operations refer to the delivery area and terminal gates (M. Golias 

2007). Even though the operations are divided by its functions they are interrelated and 
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interact with each other frequently. For instance, the   ITVs are part of the yard operations 

they must coordinate with the loading/unloading of cargo from the vessels with the quay 

cranes. 

1.4 Current Port’s Challenges 

The continuous increasing level of trade for containerized cargo is one of the 

challenges for container terminals. Another challenge that container terminals face are the 

capacity and resources necessary to service certain ocean carriers. In the past years, ocean 

carriers have been increasing their fleet size to take advantage of economies of scale and 

cope with the demand for containerized cargo. For instance, it is estimated that for 2013 

the Maersk shipping line will operate the Triple E Class containership which will hold up 

to 18,000 TEUs (Maersk Line 2011). The new ships will address the challenges in the 

reduction of carbon emissions and reduction of operating costs while taking advantage of 

the economies of scale. The new ships will take advantage of economies of scale by 

transporting a large number of containers and using improved technology.  

Also, ocean carriers have made agreements that help them to serve different ports 

by using larger hub seaports. Therefore, the growing size of containerships and the 

demand for container trade along with a need to improve equipment place a significant 

pressure on container terminals to improve their operations, logistics, and management. 

For instance, different ports in the U.S. have been developing dredging projects in order 

to service larger vessels.  

Furthermore, the Maritime Administration (MARAD) listed other challenges that 

ports face aside of infrastructure. Some the challenges mentioned by the MARAD are 

congestion, backlog of dredging projects, road capacity and rail infrastructure to move 
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freight to final destination. Finally, the report presented by the MARAD regarding the 

required growth states “to sustain expected growth, it is estimated the U.S. must expand 

its overall port capacity by 10 percent annually” (United States Department of 

Transportation - Maritime Administration 2007). Therefore, it is essential for ports and 

container terminals to use and allocate the resources effectively and efficiently.  

1.5 Types of scheduling problems at a container terminal 

There are three well known scheduling problems at a container terminal and one 

that has high levels of interactions and dependency with the other three problems. The 

first scheduling problem is the berth scheduling which takes place in the seaside area. In 

this case, berth space has to be allocated to load and unload cargo from vessels. This is 

marked in the red box of Figure 1-4. 

 
Figure 1-4. Types of Scheduling Problems at a Container Terminal  

Source: M. Salido (Salido et al. 2011) 



 
 

9 

 The second type of scheduling problem is the Quay Crane Scheduling. This is 

also located in the seaside, where quay cranes must be allocated to the vessels in order to 

load or unload containers. This is marked with a yellow box in Figure 1-4. The third type 

of scheduling problem is the container stacking which is located in the yardside. This 

refers to containers which must be arranged and stored in an efficient and effective 

manner so they can be easily accessed for import or export. This is marked in a green box 

in Figure 1-4. Finally, there is the scheduling of Internal Transportation Vehicles (ITVs) 

which interact throughout the port. For instance, ITVs are necessary to move the 

containers from berthing location to storage yard area or from the storage area to the gate 

or landside. Therefore, the efficient scheduling of ITVs plays an important factor in the 

effectiveness of the other schedules. The ITVs are marked in a blue box in Figure 1-4. 

1.6 Berths and Berth Scheduling Problem 

In order to cope with the increasing growth of trade and to maintain the growth of 

maritime transportation system it is necessary to allocate resources efficiently. Ocean 

carriers and terminal operators work together to maintain a balance and reduce operating 

costs. Both parties require an efficient and optimal allocation of berth space when a 

vessel arrives to port. The Berth Scheduling Problem (BSP) addresses the assignment of 

berth space in a container terminal to a specific vessel. There are different factors that 

must be taken into consideration for an optimal berth assignment. Some of the common 

factors to be considered are the size of the vessel, number of containers, depth and size of 

berth available, number and types of cranes available, and the number of ITVs. The 

efficient assignment of berth space will help port operators to fulfill some critical 

objectives. Some of these objectives could be to reduce vessel turnaround time, to 
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increase port throughput, and to maintain a reasonable level customer satisfaction (Golias 

et al. 2009). 

In order to solve BSPs, different research was conducted which present a variety 

of models. The BSP could be addressed differently depending in the initial assumptions 

and formulations. There are four main lines of formulations, they are: (M. M. Golias et al. 

2009; Meisel 2009)  

1. Discrete versus continuous berthing space 

2. Dynamic versus static arrival times 

3. Dynamic versus static handling times 

4. Performance measurements 

The first formulation (discrete/continuous berth space) refers to the difference 

between specific slots (discrete) in the wharf versus the entire (continuous) wharf as 

berthing space for the vessels. The second formulation (dynamic/static arrival times) 

refers to accountability of arrival times, the dynamic approach assumes that the vessel 

arrival time is estimated but known and has not arrived to port. The static arrival time 

assumes all vessels are in the port prior to the schedule. The third formulation 

(dynamic/static handling times) is in relation to the handling times where the static 

approach takes as a known and input value the handling time of cranes and ITVs for 

loading/unloading cargo. On the other hand, the dynamic approach takes the handling 

time as a variable which could vary in the case of crane maintenance or equipment 

shutdown. Finally, the performance measurement formulation provides a wider range of 

variables that could address the performance. For instance, the models could take a range 

of vessel arrival times or temporary mooring of unscheduled vessels. The berth space and 
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the performance measures assumptions were used to prepare the formulation in this 

research.  

1.7 Common Objectives for a Berth Schedule 

Ocean carriers and terminal operators have a common goal regarding berth 

schedules; the goal is to balance and reduce operating costs. Furthermore, in order to 

continue the growth of maritime transportation is necessary to allocate resources 

efficiently. Therefore, ports and port operators are seeking for berth schedules that could 

meet the following objectives: 

• Reduce vessels turnaround time 

• Increase port throughput  

• Higher revenues and increased competitiveness 

• Keeps the customer’s satisfaction at a desired level 

• Minimize operating cost 

These objectives are important to evaluate the performance of a berth schedule 

because sometimes there is a tradeoff between each objective. For instance, port 

operators may want to reduce the vessel turnaround time but this implies that more 

resources may be used which could increase the operating costs. Similarly, in order to 

maintain a desired level of customer satisfaction it may result in higher operating costs. 

Therefore, it is essential for a port operator to determine the objectives that evaluate the 

berth schedule.  

1.8 Scope of research 

This research concentrates on the Discrete Space and Dynamic Vessel Arrival 

Berth Allocation Problem (DDBAP). To the knowledge of this author, only few studies 
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(M. Golias et al. 2007; Konur & Golias 2013) have addressed the stochastic nature of 

vessel handling times and arrival times. The uncertainty rises from the fact that Quay 

Cranes (QCs), Internal Transport Vehicles (ITVs), and other equipment serving the 

vessels do not have a deterministic productivity (e.g. random down time of QCs, 

unpredicted congestion in the yard, etc.). 

Therefore, this research would concentrate in developing a robust berth schedule 

that will take into account uncertainty in arrival and handling times. In order to determine 

the schedule this research formulates a bi-objective bi-level optimization model. The goal 

is to minimize the average total service cost and minimize the range of total service cost. 

In order to solve such formulation, this research proposes the use of a genetic algorithm 

based heuristic to find Pareto efficient schedules. This work differs from previous 

research in the field because is the first formulation to address uncertainty in arrival and 

handling times simultaneously without assuming a predetermined probability.   
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2. LITERATURE REVIEW 

Different research has been performed in order to analyze and formulate the Berth 

Scheduling Problem (BSP). After a review of the literature published in the topic two 

main divisions could be drawn. The first refers to research before 1990s where the BSP 

was formulated using queuing theory and the second refers to research after 1990s where 

the BSP could be formulated using a discrete or continuous approach. For instance, when 

the BSP is formulated as discrete it could be solved using analyzed as an unrelated 

parallel machine scheduling problem while if the BSP is formulated as a continuous berth 

space it could be studied as a packing or two dimensional cutting stock problem. 

Furthermore, as stated in the previous sections there are four main types of formulations 

in the analysis of BSP. Depending on the type of berth space assumed the problem could 

be addressed under a specific approach.  

2.1 Berth Scheduling Formulations  

In the literature, the Berth Scheduling Problem (BSP) could be also referred as 

Berth Allocation Problem (BAP). Usually, the discrete berth space formulation could be 

studied as an unrelated parallel machine scheduling problem (Wang et al. 2005; S. D. Wu 

et al. 1993); while the continuous berth space could be reviewed as a packing or two 

dimensional cutting stock problem (Lim 1998). The most extensive research includes 

formulations with discrete space (Meisel 2009). Some of research with discrete berth 

space was performed by Imai et al. (2001), Imai et al. (2003), Golias et al. (2007), 
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Hansen et al. (2007), and Boile et al. (2007). For instance, Imai et al. (2007) uses a 

discrete space BAP formulation to determine berth allocation at indented berths for 

mega-container ships. The authors proposed a linear formulation which is expanded to 

smaller feeder ships at intended berths. On the other hand, Imai et al. (2005), formulates 

as continuous (BAPC) berth space to address the growing trend of increased vessel’s 

sizes and use a heuristic approach to solve the problem. The authors state that this 

formulation is more difficult to schedule but provides a more efficient usage of the 

terminal. In similar lines, Lim (1998) defines the BAPC problem as two-dimensional 

packing problem and proposed a heuristic for the graph representation where the 

objective is to minimize the maximum amount of quay space used.  

Moreover, when referring to arrival times Imai et al. (2001), presents a static BAP 

formulation which is later expanded to a dynamic BAP formulation where the objective 

is to minimize the total waiting times of vessels taking into account the waiting and 

handling times. In this case the authors used a mix integer programming formulation and 

propose Lagrangian relaxation-based heuristic algorithm. Similarly, D. Xu et al. (2011) 

studied the static and dynamic BAP arrival times and expanded the model to account for 

physical limitations such as water depth and tidal condition. In general, most of the 

literature published refers to dynamic arrival times. In the case of static handling times, 

the values are taken as inputs and are assumed to be a known value. On the other hand, 

the dynamic formulation considers the handling times as variables. The latter approach 

could address better scenarios such as quay crane breakdown or quay productivity, as 

well as, productivity related to the relationship between Internal Vehicle Transportation 

(ITV) and quay cranes. For instance, M. Golias (2011) formulates a bi-objective mix 
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integer programming problem to maximize berth throughput and reliability of the berth 

schedule considering handling times as stochastic factors using a combination of an exact 

algorithm and genetic algorithm based heuristics.  

Finally, other research has concentrated in the uncertainty of different factors or 

variables when evaluating berth assignment techniques. For instance, Moorthy & Teo 

(2006) addressed a continuous and dynamic BAP trying to solve the berth template 

problem where vessel arrivals were considered stochastic parameters. The authors used a 

bi-level optimization where the first objective was the trade-off between service and 

operational costs. The second objective refers to robustness of the schedule when vessel 

arrivals are stochastic variables. The authors modeled as rectangle packing and used a 

simulated annealing algorithm to solve it. In addition, M. Golias et al. (2007) presented a 

conceptual formulation of the discrete and dynamic BAP with arrival and handling times 

as stochastic variables. The authors presented and compared the results from four 

heuristic based solution approaches (Markov Chain Monte Carlo based heuristic, online 

stochastic optimization based heuristic, deterministic solution based heuristic, and a 

combination of Monte Carlo with online stochastic optimization based heuristic). Also, 

Du et al. (2010) studied BAPC where they proposed a feedback procedure to develop 

robust berth schedules addressing uncertainty in vessel delays. The vessel delays could be 

attributed at weather conditions or equipment malfunction therefore terminal operators 

have to adjust their berth schedule. Gao et al. (2010), has also addressed uncertainties in 

vessel delays and out-of-schedule moorings and proposed two types of strategies to 

develop a berth schedule. In the case of the vessel delay a proactive strategy was 

developed with a feedback procedure, while in the out-of schedule the strategy used is 
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reactive with a reassignment rule. Other research that accounts for uncertainty in other 

arrival times is proposed by Zhou et al. (2006) and Zhou & Kang (2008). 

2.2 Stochastic Formulations 

From this review it can established that there is a need to evaluate and simulate 

port operations closer to their realistic conditions. Port operators rely and depend on the 

development of accurate and effective berth schedules which take into consideration most 

of the factors that affect day to day operations. The industry is working to keep track of 

metrics that will help to evaluate the performance of port operations and carriers, as well 

as, the factors that may impact the smoothness of operations (American Shipper 2012). 

Effective and efficient berth schedules are essential for operators and carriers. The study 

of arrival and handling times as unknown variables brings the formulation closer to 

reality because it could account for the uncertainty of weather conditions, as well as, the 

uncertainty of equipment breakdown. Furthermore, it could be seen that the model to be 

discussed in this research addresses the factors in a way that was not studied before by 

previous research in berth scheduling framework. This research concentrates in solving 

the BSP by taking into account uncertainty in arrival and handling times simultaneously.  

2.2.1 Stochastic and continuous  

A continuous formulation refers to the berth space as an infinite number of berths 

along the wharf. The research proposed by Gao et al. (2010), analyses the vessel arrival 

delays and temporary mooring as stochastic variables. In order to cope with the vessel 

delay the authors present a feedback procedure during the planning stage and for the 

temporary mooring a reassignment rule. In the case of the feedback procedure (proactive 

strategy) the process consists of a simulated annealing which solves the deterministic 
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continuous BAP, then a reassignment rule is applied, and a time buffer adjustment 

method. The case of temporary mooring of out-of-schedule vessels a reassignment rule 

(reactive strategy) is used. The reassignment rule based heuristic takes into consideration 

the vessel’s importance and the schedule demands. The two procedures were developed 

using Microsoft Visual C++ 8.0. The paper creates a 1200 meter long wharf with a 5 

minute time unit on weekly basis. The number of vessels in the model varies from 16 to 

30. The results presented that the proactive strategy provides an improvement on average 

of 300%. The reactive strategy under medium variability and different swarming 

coefficients has on average a gap performance of 15.69%. Furthermore, the smoothness 

of implementation using the reactive strategy is better when there is low variability and 

worst when there is high variability. 

2.2.2 Stochastic and discrete 

A discrete formulation refers to a finite number of berths within the formulation. 

For instance, M. Golias et al. (2007), presents a conceptual formulation for the berth 

allocation problem (BAP) using vessel arrival and handling times as stochastic variables. 

The paper provides four solution approaches. The paper emphasizes in the operational 

level and uses discrete and dynamic BAP (DDBAP) scenario. The paper describes the 

conceptual formulation for the following approaches: a Markov Chain Monte Carlo, an 

Online Stochastic Optimization, a Deterministic Solution, and a generic Genetic 

Algorithm (M. Golias et al. 2007). The paper presents a model that combines the 

scheduling batch of stochastic jobs and the scheduling queuing systems. Finally, the 

proposed heuristics provide a better approach to the complex problem structure.  
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Zhou & Kang (2008) developed a stochastic mathematical programming model to 

address the discrete BAP and quay crane allocation. The model uses as stochastic 

variables the arrival times and handling times while the objective function is to minimize 

the total waiting time for vessels (Zhou & Kang 2008). Furthermore, the model assumes a 

normal distribution for the arrival and handling times. In addition, a random waiting time 

value is assigned to substitute for the First Come First Serve policy. The vessel waiting 

time is calculated by sum of the waiting time for the berth and the waiting time for the 

quay crane. The proposed model is nonlinear with stochastic coefficients.  

In order to improve the CPU time, the authors proposed the use of a genetic 

algorithm and a greedy algorithm. To test the proposed algorithms and model the authors 

created random samples of 4 berths and 12 quay cranes. The arrival times were calculated 

from an exponential interval distribution while the ships and handling times were 

calculated randomly from a normal distribution. Also, the crane productivity and waiting 

time were chosen randomly between 2-3 minutes and 3-10 hours respectively. The results 

were obtained using a Pentium IV (2.4 GHz) PC. The authors concluded the results 

obtained were in reasonable CPU time (10 min) and the use of the greedy algorithm 

improved the results obtained by genetic algorithm.  Furthermore, Zhou and Kang point 

out that a further research can be done in factors such as fuzziness and a combination 

with random factors as well as consideration of yard space and vehicles distribution. 

Karafa et al. (2012) addressed the Discrete Dynamic BAP (DDBAP) formulating it as 

machine scheduling problem. The authors formulated a bi-objective problem with 

stochastic handling times. 
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3. PROBLEM DEFINITION AND RESEARCH OBJECTIVE 

The previous chapters have explained the complexity of port operations in 

container terminals. Port operators and container terminals face many challenges in the 

day to day operations, as well as, in long term planning decisions. Container terminals are 

key components in various supply chains thus their efficiency and effectiveness are 

essential to the different stakeholders. In order to maintain a lean and competitive 

container terminal, port operators require that the day to day operations are as effective 

and efficient as possible. This goal is achieved by planning and foreseen ahead of time 

possible incidents that may affect port operations.  

Port operators are challenged by the effectiveness of their berth schedule 

according to different scenarios. Port operators have a need of a robust and efficient berth 

schedule to increase their productivity, reduce operating cost, and remain competitive. 

Berth scheduling is an essential task in the day to day operations in a container terminal. 

The literature review chapter explained the industry and research needs to develop an 

efficient and robust berth schedule.  

A berth schedule should be able to account for uncertainty in the arrival times of 

vessels due to weather or mechanical problems, as well as, uncertainty in the handling 

times due to equipment malfunction, natural disasters, and port shutdowns. A berth 

schedule that can accommodate to such conditions will provide berth operators a 
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schedule that is closer to realistic conditions and provide more flexibility to the port 

operations.  

3.1 Problem Definition 

Given that is essential for port operators to have a berth schedule that takes into 

account circumstances that are closer to realistic scenarios and account for variability or 

uncertainty; this research develops the generation of a berth schedule that accounts for 

uncertainty in arrival and handling times. Figure 3-1 shows an example of a container 

terminal and the components that must be taking into consideration.  

 
Figure 3-1. Berth Scheduling Problem Schematic of a Container Terminal 

At the container terminal there is a number of specific resources such as the 

number of berths available along with their physical characteristics of depth and length, 

the number of quay cranes per berth, the number of ITVs assigned to move containers 

from the seaside to the yardside, and the availability of space in the yardside near the 
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berth. Each one of these characteristics depends on the type of port and size of 

operations. This information is available and known to port operators.   

The scenario proposed in this research refers to variability and uncertainty in the 

arrival times of vessels to ports and uncertainty in handling times required to serve the 

vessels. Under this scenario a port operator will have a time window for the arrival of 

vessels and a time window for the estimated handling times for each vessel according to 

the berth characteristics. The port operator will have estimated arrival and handling times 

for each vessel.  

The model formulated and studied will take into account a discrete berth space 

which means that wharf will be divided in a specific and finite number of berths. The 

formulation is proposed as dynamic arrival times because the berth schedule is developed 

before the vessels arrive to the port, as well as, dynamic handling times because the 

handling times are considered variables. Furthermore, this formulation considers the 

arrival and handling times as stochastic parameters.   

3.2 Research Objective 

The objective of this research is to provide a robust and efficient berth schedule 

that accounts for uncertainty in arrival and handling times. Moreover, the objective is to 

provide a model and formulation that could be applied to any assignment problem.  

In order to achieve this objective the following tasks are performed: 

- Propose a mathematical model that solves for a bi-objective bi-level optimization 

problem for berth scheduling and that could be applied to any assignment problem 

- Evaluate the performance of the proposed berth schedule  

- Evaluate the robustness of the proposed berth schedule  
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- Provide a solution approach using genetic algorithms based heuristics to solve the bi-

objective bi-level optimization problem 

- Simulate different scenarios to evaluate and provide numerical results of the proposed 

formulation 

- Evaluate the results of the proposed heuristics by comparing them to the exact 

solution provided by CPLEX 

The completion of the tasks described will aid to develop and provide a robust 

berth schedule that accounts for uncertainty in arrival and handling times. Each task is 

part of the process required to develop and evaluate the proposed berth schedules.  
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4. METHODOLOGY 

This chapter describes the mathematical model for the berth assignment problem, 

as well as, the reformulation of the problem as a bi-objective bi-level optimization 

problem. In this case, the original problem is reformulated in order to simplify and solve 

the initial objective functions. Moreover, the goal with this formulation is to develop a 

robust berth schedule with good performance. To achieve the goal a detailed description 

of the solution approach is provided in this chapter. 

4.1 Model Formulation 

First consider a marine container terminal with n number of berths and m number 

of vessels. Each vessel calls to port to request service for loading and unloading 

containers at a preferred berth location.  Let i be the index of berths and j be the index of 

vessels such { }nIIi ,...,1, =∈  and { }mIJj ,...,1, =∈ . The proposed berth schedule will 

consist of a vessel to berth assignment and the order of service of each vessel at its 

assigned berth. In order to determine a berth schedule S, the following variables are 

defined: 

1=ijx    if vessel j is served at berth i, 0=ijx  otherwise 

1=aby  if vessel a is served as vessel b’s immediate predecessor at the same 

berth, 0=aby otherwise 
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A berth schedule can be defined as S(X,Y), where X is a n x m binary matrix (n is 

the number of berths and m is the number of vessels) and Y is a m x m binary matrix. 

Consequently, the start ( jst ) and finish ( jft ) times for each vessel can be determined 

taking into account that the berth schedule S is known and assuming that the arrival and 

handling times are known for each vessel.  

This research addresses uncertainty in arrival and handling times by assuming an 

upper and lower bound for each parameter. The model in this research is an extension of 

the formulation presented by Konur & M. M. Golias (2013), where the authors only 

addressed uncertainty in arrival times. An assumption in this research is the availability 

of an Estimated Arrival Time (ETA) for each vessel; where the operator is provided with 

an ETA for each vessel. The ETA is provided to the operator because there are many 

factors that could affect the vessel arrival at a determined time; some of these factors are 

weather conditions, engine or other equipment malfunction, delay from previous location. 

Consequently the operator has an arrival time window which consists of the earliest time 

(lower bound) and latest time (upper bound) the vessel could arrive.  

Similarly, there are many factors that could affect the handling times. Usually, 

handling times are dependent on the resources allocated to a particular berth and vessel. 

Handling times depend in some of the following factors: location of the container storage 

area to the preferred berth or other berths, number of quay cranes in a berth assigned to a 

vessel, and number of internal transportation vehicles assigned to the vessel. 

Furthermore, handling times could vary according to unforeseen circumstances such as 

equipment malfunction and weather conditions. Therefore, this model assumes an upper 

and lower bound for the handling time that each vessel has at a particular berth compared 
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to the preferred berth location. The model uses as reference the estimated handling time 

at a preferred berth for each vessel. Given all the possible foreseen and unforeseen 

circumstances that could prevent a vessel from arriving at a specific time, as well as, a 

vessel been serviced in a determined time; this model accounts for the stochastic nature 

of both parameters. As a result, the arrival and handling times are considered stochastic 

parameters in the model described in this chapter.  

Therefore, the arrival times for each vessel are defined as [ ]u
j

l
jj AAA ,∈ ; where l

jA  

is the lower bound (the earliest time a vessel can arrive to port) for arrival time of a 

particular vessel and u
jA  is the upper bound (the latest time a vessel can arrive to port) for 

the arrival time of a particular vessel. Similarly, the handling times for each vessel are 

defined as [ ]u
ij

l
ijij ccc ,∈ ; where l

ijc  is the lower bound (the shortest time a vessel could be 

served at a particular berth) of the handling time of a specific vessel in a particular berth 

and u
ijc  is the upper bound (the longest time a vessel could be served at a particular berth) 

of the handling time of a specific vessel in a particular berth. Table 4-1 shows the 

nomenclature used in the model. 
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Table 4-1. Model Nomenclature 

Symbol Description 

n Number of berths 

m Number of vessels 

i Index for berths, { }nIIi ,...,2,1, =∈  

j Index for vessels, { }mJJj ,...,2,1, =∈   

cij Handling time of vessel j at berth i 

[ ]u
j

l
jj AAA ,∈  Vessel j’s arrival time window 

l
jA  Lower bound for vessel j’s arrival time 

u
jA  Upper bound for vessel j’s arrival time 

[ ]u
ij

l
ijij ccc ,∈  Vessel j’s handling time window at berth i 

l
ijc  Lower bound for vessel j’s handling time at berth i 
u
ijc  Upper bound for vessel j’s handling time at berth i 

jst  Service start time of vessel  j 

jft  Service finish time of vessel  j 

ijx  Vessel to berth assignment 

aby  Vessel order assignment 

jf  First vessel assigned to berth 

jl  Last vessel assigned to berth 

 

The model formulation is as follows. Let S(X,Y) be the set of schedules, where X 

is an m by n matrix that determines the vessel to berth assignment and Y is an m by m 

matrix that determines the vessel service order. Let A be a m-vector of vessel arrival 

times such that: [ ] { }mjAAA u
j

l
jj ,...,2,1,, ∈∀∈ . Let C be a m by n matrix of handling 

arrival times such that [ ] { } { }nimjccc u
ij

l
ijij ,...,2,1,,...,2,1,, ∈∀∈∀∈ .  
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The berth scheduling problem is defined as follows: 
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1st objective function: Minimize the average total service time for all vessels 
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2nd objective function: Minimize the range of the total service time for all vessels 

Subject to: 

JjAAA u
jj

l
j ∈∀≤≤ ,         (3) 

JjIiccc u
ijij

l
ij ∈∀∈∀≤≤ ,,        (4) 

JjIix
Ii

ij ∈∀∈∀=∑
∈

,,1         (5) 

Jbayf
Jba

abb ∈∀=+ ∑
∈≠

,,1
       

(6)  

Jbayl
Jab

aba ∈∀=+ ∑
∈≠

,,1        (7) 

baJbaIixxff ibiaba ≠∈∈∀−−≤+ ,,,,3      (8) 

baJbaIixxll ibiaba ≠∈∈∀−−≤+ ,,,,3      (9) 

baJbaIiyxxy abibiaab ≠∈∈∀−≤−≤− ,,,,11     (10)  

JjAst jj ∈∀≥ ,         (11)  

baJbaIiyMxcstst ab
Ii

iaiaab ≠∈∀∈∀−−+≥ ∑
∈

,,,),1(     (12) 

The first objective function (1a) minimizes the average total service time for all 

vessels. This objective provides a measurement of performance for the berth schedule. 

The second objective function (2a) minimizes the range of the total service time for all 
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vessels. This objective provides robustness to the proposed berth schedule by reducing 

the range of total service time. For instance, if a schedule is created only taking into 

consideration the average total service time it could lead to schedules that have high 

range of total service time which decreases the robustness of the schedule. Thus in order 

to develop an efficient and robust berth schedule both objective functions must be solved 

simultaneously.  

The different constraints (3 to 12) refer to the service start time of the vessel, the 

order in which the vessels are served, the service time required per vessel, the start time 

compared to the arrival time, and the arrival and handling window times. Specifically, 

constraint (3) confines the arrival time between the specified bounds. Similarly, 

constraint (4) confines the handling time between the lower and upper bounds. Constraint 

(5) ensures that each vessel is served once. Constraint (6) ensures a vessel will be either 

served first or it will be preceded by other vessel while constraint (7) ensures that a vessel 

will be served last or be served before other vessel. Constraint (8) ensures that only one 

vessel could be served first at a specific berth while constraint (9) ensures that only one 

vessel could be served last at a specific berth. Constraint (10) ensures that a vessel could 

be served after another vessel only if they are served in the same berth. Constraint (11) 

ensures that the start time for service of a vessel is greater than the arrival time of the 

vessel. Finally, constraint (12) estimates the service start time for each vessel.  

 The objective functions, (1a) and (2a), formulated are very complex because both 

functions have optimization problems within their formulation. The first function refers 

to the average total service time and the second function refers to the range of the total 

service time. Each function has a maximization and minimization of the total service time 
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which makes the formulation very difficult to solve. Therefore, this research presents a 

reformulation of the berth assignment problem as a bi-objective bi-level optimization 

problem which simplifies and solves the initial objective functions.   

4.2 Problem Reformulation 

In order to reformulate the initial objective functions, the arrival and handling 

times for a specific schedule are defined as [ ]( )SCA minmin ,  and [ ]( )SCA maxmax ,  which 

minimize and maximize the total service time of a given schedule S(X,Y). The following 

optimization problems have to be solved to determine [ ]( )SCA minmin ,  and 

[ ]( )SCA maxmax , . 









+− ∑∑∑

∈ ∈∈ Ii Jj
ijijj

Jj
jAC

xcAstf )(minmax/:
,3        (13) 

Subject to: 

JjAAA u
jj

l
j ∈∀≤≤ ,         (14) 

JjIiccc u
ijij

l
ij ∈∀∈∀≤≤ ,,        (15) 

JjIizMAyxcyst jj
jaJaIi

ajiaia
jaJa
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≠∈∈≠∈
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:,:

  (16) 

JjMzyxcystA j
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jaJa
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,
:,:

    (17) 

Jjyxcystst
jaJaIi

ajiaia
jaJa
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≠∈∈≠∈

,0
:,:

    (18) 

JjAst jj ∈∀≥ ,         (19) 

JjstzMA jjj ∈∀≥−+ ,)1(       (20) 

Jjz j ∈∀∈ },1,0{         (21) 
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The objective function (13) is the maximization or the minimization of the total 

service time which could be computed separately per each berth. Constraint (14) ensures 

that the arrival time is within the range provided by the lower and upper bound of the 

arrival times. Constraint (15) ensures that the handling time is within the range provided 

by the lower and upper bound of the handling times. Constraints (14) to (21) are used to 

ensure and determine the process start times for each vessel. Specifically, the start times 

for a process should comply with one the two scenarios. First, if a vessel is assigned to a 

berth that is idle when the vessel arrives, the vessel’ start process time should be equal to 

the vessel’s arrival time. Second, if the vessel is assigned at a berth that is busy when the 

vessel arrives, the vessel’ start process time should be equal to the process finish time of 

its immediate predecessor. Constraint (19) ensures that the start time is greater or equal 

than the arrival time. Constraint (21) is an auxiliary variable that restricts the start time 

for a vessel in the case of maximization.  

Therefore, the original problem can then be reformulated as follows: 
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Subject to: Equations (3) to (12) 
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2114.:..,)(minarg),( minmin −








+−= ∑∑∑
∈ ∈∈

eqtsxcAstAC
Ii Jj

ijijj
Jj

j

 

The objective functions (1b) and (2b) are simpler and easier to solve than the 

original problem (1a and 2a). Furthermore, with this formulation, function (13) could be 

solved using two approaches. The first approach is to use an exact algorithm (i.e. 

CPLEX) and the second approach is to use the Maximization and Minimization Search 

Heuristics proposed in this research. This paper concentrates in the development and 

results provided by the heuristics which are described in the following sections.  

4.3 Solution Algorithm 

Port operators and ocean carriers require the implementation of efficient and 

robust berth schedules that take into consideration variability in arrival and handling 

times. Previous chapters have discussed the importance and complexity of producing an 

efficient and robust berth schedule. Furthermore, it is known that bi-level optimization 

problems are non-convex and hard to solve with exact solution algorithms. As a result, 

this paper presents the following solution algorithm which uses an evolutionary algorithm 

such as genetic algorithm based heuristic to determine and develop an efficient and 

robust berth schedule. As described by M. Golias (2007), Genetic Algorithm (GA) is a 

programming technique that imitates biological evolution in order to provide a solution 

approach. Furthermore, as explained by Konak et al. (2006), GAs are popular heuristic 

approach and have been widely used to address multi-objective optimization problems, 

having as key characteristics its flexibility and potent population based search.  

The proposed solution algorithm consists of the five steps: (Step 1) chromosome 

representation and initialization, (Step 2) objective function evaluation, (Step 3) Pareto 
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Front (PF) selection, (Step 4) mutation, and (Step 5) termination. Figure 4-1, shows a 

flowchart of the proposed solution algorithm.  

 

Figure 4-1. Solution Algorithm 

 Each of the steps is described in the following sections.  

4.3.1 Chromosome Initialization and Representation 

In the first step, an integer chromosomal representation is used to show the 

characteristics of the possible scenario and to initialize the solution algorithm. Using the 

integer chromosomal representation, a population of 100 chromosomes is initialized. The 
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chromosomes are created using the expected arrival and handling times with two types of 

policies. The first policy is a First Come First Served (FCFS) with earliest start time, and 

the second policy is a FCFS with earliest finish time. The chromosome representation of 

a small problem is shown in Figure 4-2; the chromosome represents a problem with two 

berths and six vessels. In this case, vessels 1, 3, and 5 are serviced at berth 1 while 

vessels 2, 4, and 6 are serviced at berth 2.  

Berth
Vessel 1 3 5 2 4 6

Berth 2Berth 1

 
Figure 4-2. Chromosome Representation 

Source: TRB Proceedings 92nd Annual Meeting (Portal et al. 2013) 

The chromosome initialization procedure using a FCFS-S with earliest start is 

presented next in a pseudocode format.  

 

 

 

 

 

 

 

 

 

 

 

 

FCFS - Early Start Pseudocode 

0: Set m  as number of vessels; Set n  as number of berths; Set M  as a large number 

1: Sort arrival such JjAA jj ∈∀≤− ,1  

2: Set 









 +
=

2

u
j

l
j

j

AA
A ; Set 










 +
=

2

u
ij

l
ij

ij

cc
c ; Set ( )nmzerosX ,= ; Set ( )1,nzerosft =  

3: For mj :1=  

4: Set jAAr = ; Set MSt =  

5:  For ni :1=  

6:  Set ( )Arftws i ,max=  

7:   If Stws < ; Set ib = ; Set wsSt =  

8:   Elseif Stws =  and jbij cc ,< ; Set ib = ; Set wsSt =  

9:   End 

10:  End 

11:  Set 1, =bjX ; Set StStart j = ; Set bjj cStFinish ,+= ; Set jb Finishft =  

12: End 

13: Return X  
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The chromosome initialization procedure using a FCFS-F with earliest finish is 

presented next in a pseudocode format. 

 

FCFS with earliest start and FCFS with earliest finish policies are used to create 

the initial population of chromosomes. The chromosomes are possible assignments that 

were created using both policies. After the initial population is created the value of the 

objective function is calculated for each chromosome.  

4.3.2 Objective Function Evaluation 

The second step refers to the evaluation of the objective functions equation (1b) 

and equation (2b). Therefore, given a generation of chromosomes (i.e. a schedule S), the 

FCFS - Early Finish Pseudocode 

0: Set m  as number of vessels; Set n  as number of berths; Set M  as a large number 

1: Sort arrival such JjAA jj ∈∀≤− ,1  

2: Set 








 +
=

2

u
j

l
j

j

AA
A ; Set 










 +
=

2

u
ij

l
ij

ij

cc
c ; Set ( )nmzerosX ,= ; Set ( )1,nzerosft =  

3: For mj :1=  

4: Set jAAr = ; Set MEt =  

5:  For ni :1=  

6:  Set ( )Arftst i ,max= ; Set  ijcstwf +=  

7:   If Etwf < ; Set ib = ; Set wfEt =  

8:   Elseif Etwf =  and jbij cc ,< ; Set ib = ; Set wfEt =  

9:  End  

10: End 

11:  Set 1, =bjX ; Set EtFinishj = ; Set bjj cEtStart ,−= ; Set jb Finishft =  

12: End 

13: Return X 
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values of both objective functions is calculated for each chromosome. There are two 

options to evaluate the objective functions. The first option is the use of an exact 

algorithm such as CPLEX and the second option is the use of heuristics. Either option is 

viable and will provide optimal results for the evaluation of the objective functions. This 

research concentrates in the use of heuristics; two heuristics were developed to evaluate 

the objective function (13). 

In order to evaluate the objective functions, first is necessary to obtain the values 

of )](,[ maxmax SAC and )](,[ minmin SAC . These values are obtained by solving function 

(13) which states: 







+− ∑∑∑

∈ ∈∈ Ii Jj
ijijj

Jj
jAC

xcAst )(minmax/
,

. Note that maximization and 

minimization problems are separable at each berth if S is given. Therefore, if the 

minimization problem is solved it will provide the minimum arrival and handling times 

required given a particular schedule. Similarly, if the maximization problem is solved it 

will provide the maximum arrival and handling times required given a particular 

schedule. After the arrival and handling times ( JjIiCA ijj ∈∈∀ ,],,[ ) that maximize 

and minimize each schedule S is obtained, the values of the objective functions can easily 

be calculated. As mentioned earlier, these values could be calculated using an exact 

algorithm or using heuristics. This research proposes the use of heuristics instead of the 

use of an exact algorithm due the high computational time required for an exact 

algorithm, as well as, the number of times that it is required to solve the lower level 

problem shown in the objective function (13). If we recall the lower problem is defined 

as: 







+− ∑∑∑

∈ ∈∈ Ii Jj
ijijj

Jj
jAC

xcAstf )(minmax/:
,3 .The Minimum Search Heuristic (MISH) 
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and the Maximum Search Heuristic (MASH) are proposed to solve for the 

)](,[ minmin SAC  and )](,[ maxmax SAC respectively. 
 

4.3.2.1 Minimum Search Heuristic (MISH)  

The MISH is used to determine )](,[ minmin SAC . Given a particular set of 

schedule S(X,Y) arrival and handling times of each vessel at its assigned berth that 

minimize the total service time can be estimated using the following procedure:  

 

 

 

 

 

 

 

 

 

 

 

 

The MISH finds the optimal arrival and handling times that minimize the total 

service time in less computational time than an exact algorithm. The following chapter 

provides the numerical results of each of the proposed heuristics compared to the exact 

solution. In the case of the MISH, the results obtained are the same as the exact 

algorithm.  

MISH Pseudocode 

For each berth  

0: Set 0=iRBP ; Set 0=oft ; Set m  as number of vessels 

1: For mj :1=  

2: Set l
ijij cc =  

3: If 1=j  or l
jj Aft ≤−1 ; Set l

jj AA = ; Set jj Ast = ; Set ijjj cstft +=  

4:  Elseif u
jj Aft >−1 ; Set u

jj AA = ; Set jj Ast = ; Set ijjj cstft +=  

5:  Elseif l
jj

u
j AftA >> −1 ; Set 1−= jj ftA ; Set jj Ast = ; Set ijjj cstft +=  

6:  End 

7:  Set ( ) ijjjij cAstRBP +−= ; Set ijii RBPRBPRBP +=  

8: End 

9: Set jAA =min ; Set ijcC =min  

10: Return minmin ,CA  

 

i
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4.3.2.2  Maximum Search Heuristics (MASH)  

The MASH is used to determine )](,[ maxmax SAC . Similarly to MISH, given a 

particular set of schedule 𝑺(𝑿,𝒀) arrival and handling times of each vessel at its assigned 

berth that maximize the total service time can be estimated using as follows:  

 

 

 

 

 

 

 

 

 

 

 

The MASH finds the optimal arrival and handling times that maximizes the total 

service time in less computational time than an exact algorithm. The following chapter 

provides the numerical results of each of the proposed heuristics compared to the exact 

solution. In the case of the MASH, the results obtained are within 5% of the results 

obtained using the exact algorithm. 

Once each objective function is evaluated using the proposed heuristics (MISH 

and MASH) or evaluated using CPLEX, the selection of the best possible schedules is 

described in the next steps.   

MASH Pseudocode 

For each berth  

0: Set 0=iRBP ; Set 0=oft ; Set m  as number of vessels 

1:  For mj :1=  

2: Set u
jij cc =  

3:  If 1=j  or l
jj Aft ≤−1 ; Set u

jj AA = ; Set jj Ast = ; Set ijjj cstft +=   

4:  Else; Set l
jj AA = ; Set 1−= jj ftst ; Set ijjj cstft +=  

5:  End 

6:  Set ( ) ijjjij cAstRBP +−= ; Set ijii RBPRBPRBP +=  

7: End 

8: Set jAA =max ; Set ijcC =max  

9: Return maxmax ,CA  
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4.3.3 Pareto Frontier Selection 

The third step refers to the Pareto Front (PF) Selection. The Pareto Frontier or 

Pareto Front is a set of Pareto optimal solutions, which are the set of optimal trade-offs 

where all objectives are equally important. In this research, the objectives are to minimize 

the range of the total service time, as well as, to minimize the average of the total service 

time the vessels are at the berths. An example of a Pareto Optimal Front is shown in 

Figure 4-3.  

 
Figure 4-3. Pareto Optimal Front (Curve) 

Hence, the PF is the set of non-dominated solutions which means that the 

solutions provided are the best solutions available that meet the different objective 

functions. Specifically in this case, it refers that the schedules obtained in the PF are the 

schedules that provide the best possible values for both objective functions (minimize the 

range of total service time and minimize the average of total service time). The schedules 

selected as part of the PF are the schedules that give the best solutions for the selected 

objectives. A schedule will belong to the PF if there is no other schedule that can improve 

at least one of the objectives with degradation of the other objective (M. Golias 2007; 
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Ngatchou et al. 2005). The selection of a particular schedule over other schedule in the 

PF will depend on the decision of the port operator. A particular selection of one schedule 

versus other will mean a trade-off in the objectives selected. Nonetheless, any schedule in 

PF is equally optimal because they provide the best values for the objective functions.  

Therefore, the goal in this research is to determine a set of schedules that lays on 

the PF where both objectives are equally important. Once the PF is selected, the port 

operator will have the ability to choose the best schedule possible based on the 

information provided regarding arrival and handling times that minimize the range and 

the average total service time. Pareto optimal solution sets are often preferred when 

solving multi-objective optimization problems because they are more practical in real life 

situations where there is a tradeoff in the decision making process (M. Golias 2007; 

Coello Coello 2001). 

This research uses the procedure developed by (M. Golias 2007) for the selection 

of the PF. The initial PF is obtained from the first generation of evaluated chromosomes 

and the schedules in this PF will move on to the next generation. Next, the mutation and 

crossover operations are perform a random number of chromosomes of the current PF. 

Thus, the PF is updated with the set of schedules consisting of the chromosomes of the 

current generation and the schedules in the PF of the previous generation. The solutions 

of the previous PF are included to assure continuous improvement (until convergence). 

Given that there are a limited number of solutions, an exact enumeration method (Konur 

& Golias 2013) is used to find the PF of the current generation. Note that the complexity 

of the algorithm is O(n2). The PF selection algorithm is explained next.  
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Let LS represent the list of schedules such that (ASTls, RSTls) pair corresponds to 

the lsth schedule in LS, where ASTls is the average total service time for a particular 

schedule and RSTls is the range of total service time for a particular schedule.  The values 

of ASTls and RSTls represent the values of the first and the second objective function. 

Then, the PF is obtained using the following procedure. 

 

 

 

 

 

 

 

 

 

 

4.3.4 Crossover and Mutation 

The forth step are the crossover and mutation operations required to obtain the 

next generation of chromosomes (new schedules). After the PF is selected, mutation and 

crossover operations are performed in the chromosomes from the current PF. A single 

point crossover and four types of mutation are applied. The crossover is performed 

randomly between the chromosomes of the current PF until it produces a number of 

children chromosomes equal to the current number of parents or a minimum of 100 

chromosomes. Figure 4-4 shows the illustration of a single point crossover operation. As 

PF Selection Pseudocode 

0: For 

1:  For ( ) LSlsk :1+=  

2:   If kls ASTAST <  and kls RSTRST <  

3:   Set ( ){ }kk RSTASTLSLS ,: −=  and go to step 1 

4:    Else if kls ASTAST >  and kls RSTRST >  

5:    Set ( ){ }ksls RSTASTLSLS ,: −=  and go to step 0 

6:  End 

7: End 

8: End 

9: Return LSPF =  
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shown in the figure, a single point crossover operation refers to the selection of one 

crossover point. Then the string from the beginning of chromosome to the crossover point 

is copied from one parent and the rest is copied from the second parent (Obitko 1998).  

Parent 1

Parent 2

Children

Single Point Crossover

 
Figure 4-4. Single Point Crossover 

In a crossover operation, the information of two parent chromosomes is combined 

to form a new chromosome. Figure 4-5 shows a schematic illustration of the crossover 

operation for the example shown earlier in Figure 4-2, where vessel 5 is replaced by 

vessel 2 as the third vessel at berth 1 in the children chromosome. Now, in order to 

remain as a feasible schedule, vessel 5 is moved to as the first vessel at berth 2 replacing 

vessel 2.  

Berth
Vessel 1 3 5 0 0 0 2 4 6 0 0 0
Berth
Vessel 1 3 5 0 0 0 2 4 6 0 0 0

Berth
Vessel 1 3 2 0 0 0 5 4 6 0 0 0

PARENT CHROMOSOMES

1 2

CHILDREN CHROMOSOMES
1 2

1 2

 
Figure 4-5. Schematic Illustration of Crossover 

Source: Golias et al (2013) (M. M. Golias et al. 2013) 

 The mutations operations used are swap, insert, invert, and scramble. The 

mutation operations are applied to every chromosome generating four mutated children 

per parent chromosome. Figure 4-6 shows the mutation operations used in the example 

presented in Figure 4-2. For instance, the SWAP mutation selects two cells from the 
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chromosome and swaps their positions. In this case, vessel 1 at berth 1 and vessel 4 at 

berth 2 are selected, after the SWAP mutation vessel 4 is at berth 1 and vessel 1 is at 

berth 2. The INSERT mutation randomly selects two cells and places them one after the 

other. In this case vessel 1 and vessel 4 are selected, after the INSERT mutation vessel 4 

is placed right after vessel 1 to be served at berth 1. The INVERT mutation, inverts the 

order of service at each berth. In this case, the order of service at berth 1 was vessel 1, 3, 

and 5 while vessel 2, 4, and 6 are served at berth 2; after the INVERT mutation the 

service order is vessel 5, 3, and 1 at berth 1 and vessel 6, 4, and 2 at berth 2. Finally, the 

SCRAMBLE mutation scrambles the position of a subset of cells of the chromosome. In 

this case, the service order at berth 1 after the SCRAMBLE mutation is vessel 3, 5, and 1 

and the service order at berth 2 is vessel 4, 6, and 2.  

Berth Berth
Vessel 1 3 5 0 0 0 2 4 6 0 0 0 Vessel 1 3 5 0 0 0 2 4 6 0 0 0

Berth Berth
Vessel 1 4 3 5 0 0 2 6 0 0 0 0 Vessel 3 5 1 0 0 0 4 6 2 0 0 0

Berth Berth
Vessel 1 3 5 0 0 0 2 4 6 0 0 0 Vessel 1 3 5 0 0 0 2 4 6 0 0 0

Berth Berth
Vessel 4 3 5 0 0 0 2 1 6 0 0 0 Vessel 5 3 1 0 0 0 6 4 2 0 0 0

1 2
Before

INSERT Mutation

After
1 2

SWAP Mutation

Before
1 2

After
1 2

SCRAMBLE Mutation

Before
1 2

After
1 2

INVERT Mutation

Before
1 2

After
1 2

 
Figure 4-6. Schematic Illustration of Mutation Operations 

Source: Golias et al (2013) (M. M. Golias et al. 2013) 
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4.3.5 Termination 

The fifth and final step is the termination of the algorithm. The algorithm is 

terminated if no improvement in the PF is observed for 100 iterations or the CPU time 

exceeds 10 minutes. The termination time was determined because the PF already takes 

into account the PF from previous generations without reevaluating the schedules. 
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5. NUMERICAL RESULTS 

This chapter describes the procedure used to create the datasets, as well as, the 

characteristics of the simulation. Also, it provides the results obtained for each dataset 

using the solution approach described in chapter 4, as well as, a detailed description of 

the proposed berth schedule compared to three common berth scheduling policies. Also, a 

comparison of the results obtained for the lower level problem by an exact algorithm (i.e. 

CPLEX) to the heuristics proposed is provided. The results show that the proposed berth 

schedule provides port operators a good alternative to address uncertainty in arrival and 

handling times.  

5.1 Dataset Parameters 

Different problem scenarios were generated to evaluate the proposed solution 

approach. The problems used in the experiments were generated randomly, but 

systematically. In order to evaluate the berth schedule proposed that accounts for 

uncertainty in arrival and handling times, forty eight problem scenarios were created. 

Under these scenarios, the planning horizon is one week and vessels are served with 

various handling volumes with varying number of berths at a container terminal. It is 

assumed that each vessel will have an expected arrival time that is commonly provided to 

the port operators, as well as, an expected handling time that varies according to the 

preferred berth location and the resources allocated. 
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Five parameters were considered in the development of the problem scenarios. 

The parameters used are: number of berths, inter-arrival times or frequency of vessels’ 

arrival to port, arrival time window range, handling time volume ranges, and percentage 

of handling volumes. The combination of these parameters simulates the operations’ 

challenges at a container terminal. For example, a short inter-arrival time with a small 

number of berths along with a short arrival time window range could simulate congestion 

at a container terminal. Similarly, a high percentage of handling volumes for vessels with 

high volume ranges could simulate congestion because larger vessels will need more 

resources allocated to them.  Table 5-1 shows the parameters used to create the problem 

instances.  

Table 5-1. Dataset Parameters 

Description Values and Ranges 

Number of berths 4 5 

Inter-Arrival Time (Hrs) {3,4,5} {3,4,5} 

Arrival Time Window Range (Hrs) [0,24] 
[0,48] 

[0,24] 
[0,48] 

Handling Time Volume Range (Hrs) 
[8,24] 
[24,40] 
[32,48] 

[8,24] 
[24,40] 
[32,48] 

Handling Volume Set (%) 

{.25,.50,.25} 
{.50,.25,.25} 
{.25,.25,.50} 
{.33,.33,.33} 

{.25,.50,.25} 
{.50,.25,.25} 
{.25,.25,.50} 
{.33,.33,.33} 

 

The first parameter refers to the size of the terminal. In this case, a container 

terminal with 4 and 5 berths was simulated. Twenty four problem scenarios were created 

for each terminal. The second parameter refers to the frequency of vessel’s inter-arrival 
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times. In order to simulate vessel arrivals at a container terminal different literature (Kuo 

et al. 2006; Carteni & de Luca 2009) was evaluated to select the distribution type. In this 

research an exponential distribution was used to simulate vessel arrival times. The 

frequency under which the vessels arrived to port varied in order to simulate congestion 

at the container terminal. Therefore, vessel expected inter-arrival times where generated 

from an exponential distribution with a mean of 3, 4, and 5 hours. Figure 5-1 shows an 

example of arrival times at a port with 4 berths with different arrival frequency. Inter-

arrival times with a mean of 3 hours allow 54 vessels to arrive to port while inter-arrival 

times with a mean of 5 hours allow for 34 vessels to arrive to port. Thus, if the time of the 

frequency for vessel arrival is shorter; more vessels could arrive to port and require 

service during the one week period horizon.  

 
Figure 5-1. Example of Vessel Inter-Arrival Times with Mean of 3, 4, and 5 Hours 
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 The third parameter refers to the arrival time window range. In this case, two 

types of ranges are revised based on a uniform distribution. The first case is between 0 to 

24 hours and the second case is 0 to 48 hours. This parameter is used to evaluate the 

effect of a larger framework within the arrival window which provides a wider range of 

variability in the arrival of vessels. The arrival time windows for each vessel were 

developed randomly based on the two uniform distributions. Figure 5-1 shows the arrival 

window for each of the vessels; the pink upward triangle shows the value of the arrival 

upper bound and the red downward triangle shows the value of the arrival lower bound. 

The blue star shows the mean estimated arrival time. The arrival window range in Figure 

5-1 is 48 hours.  

The fourth and fifth parameters refer to the handling times and handling volumes 

used to determine the expected handling times. Vessel handling times refer to the time it 

requires to load and unload containers from and to a vessel. The handling volumes 

depend on the size of vessels that arrive to the port, as well as, the number and the arrival 

frequency of vessels. For example, large vessels such as Maersk Triple-E (Maersk Line 

2011) have a capacity of 18,000 TEU (Twenty foot Equivalent Unit) which will require 

more resources to load/unload this vessel. On the other hand, the Damen container feeder 

(Damen Shipyards Group 2011) has a capacity of 800 TEU which will require smaller 

number of resources to load/unload containers. Therefore, depending on the vessel size 

the handling times would vary according to the volume required to load/unload. As time 

elapsed from the introduction of container vessels in mid 1950s, the design of these 

vessels has been improved and changed to increase the capacity to take advantage of 

economies of scale and keep up with the demand for containerized cargo. Figure 5-2 
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shows a graph presented by (Ashar & Rodrigue 2012) which illustrates the evolution of 

containerships. It can be seen that initially in 1956 the capacity of container vessels was 

500 TEU while in 2013 the capacity of the Triple-E reaches 18,000 TEU.  

Figure 5-2. Evolution of Containerships 
Source: The geography of transport systems – (Ashar & Rodrigue 2012) 

Therefore vessel size is important to determine the handling volumes required to 

be serviced. In addition, handling times vary according to the resources allocated to the 

vessels, as well as, to the preferred location at a particular berth. Consequently, this 

research assumes that for each vessel exists a minimum expected handling time when is 

served at its preferred berth location. The preferred berth location for each vessel was 

selected randomly. The mean expected handling times of the vessels at a different berth 

were generated in relation to the handling time at the preferred berth by increasing 

proportionally 10% to the distance from the preferred berth. Figure 5-3 shows an example 
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of vessel handling times at a random berth for the third vessel, where the preferred berth 

location is berth 2 because is the minimum estimated handling time. The handling times 

at a different location than the preferred berth have an increment of 10% from the 

preferred berth. For instance in the example from Figure 5-3, the handling time at the 

preferred berth (#2) for vessel 3 is 35 hours while the handling time at berth 4 is 42.35 

hours. The blue star shows the mean estimated handling time at each berth. The handling 

times for this example are shown in Table 5-2. Similarly, other handling times for this 

example could be analyzed in Table 5-2. For instance, for vessel 6 the preferred berth is 

berth #4 with 16 hours of handling time while for vessel 40 the preferred berth is berth#1 

with 47 hours.  

 
Figure 5-3. Example of Vessel Handling Times for a Terminal with 4 Berths 
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Table 5-2. Example of Handling Times for Different Vessels 

1 2 3 4 1 2 3 4
1 57.23 52.03 47.30 43.00 25 38.00 41.80 45.98 50.58
2 18.63 16.94 15.40 14.00 26 11.98 10.89 9.90 9.00
3 38.50 35.00 38.50 42.35 27 40.00 44.00 48.40 53.24
4 9.00 9.90 10.89 11.98 28 51.91 47.19 42.90 39.00
5 51.91 47.19 42.90 39.00 29 25.41 23.10 21.00 23.10
6 21.30 19.36 17.60 16.00 30 26.62 24.20 22.00 24.20
7 43.00 47.30 52.03 57.23 31 36.30 33.00 30.00 33.00
8 20.90 19.00 20.90 22.99 32 28.00 30.80 33.88 37.27
9 24.20 22.00 24.20 26.62 33 48.40 44.00 40.00 44.00

10 27.50 25.00 27.50 30.25 34 38.60 35.09 31.90 29.00
11 31.94 29.04 26.40 24.00 35 58.08 52.80 48.00 52.80
12 45.25 41.14 37.40 34.00 36 19.36 17.60 16.00 17.60
13 54.45 49.50 45.00 49.50 37 36.30 33.00 36.30 39.93
14 29.00 31.90 35.09 38.60 38 46.00 50.60 55.66 61.23
15 20.00 22.00 24.20 26.62 39 15.97 14.52 13.20 12.00
16 33.28 30.25 27.50 25.00 40 47.00 51.70 56.87 62.56
17 42.35 38.50 35.00 38.50 41 34.10 31.00 34.10 37.51
18 26.62 24.20 22.00 20.00 42 34.00 37.40 41.14 45.25
19 47.19 42.90 39.00 42.90 43 28.00 30.80 33.88 37.27
20 38.72 35.20 32.00 35.20 44 49.50 45.00 49.50 54.45
21 16.50 15.00 16.50 18.15 45 53.24 48.40 44.00 48.40
22 24.20 22.00 24.20 26.62 46 8.80 8.00 8.80 9.68
23 41.14 37.40 34.00 37.40 47 58.56 53.24 48.40 44.00
24 26.62 24.20 22.00 20.00 48 47.30 43.00 47.30 52.03

Berth #Vessel # Vessel # Berth #

 

After the mean estimated handling time was generated, the upper and lower 

bounds are determined randomly using a uniform distribution with specific ranges. The 

lower bound for the handling times was randomly generated using a uniform distribution 

with a range of 50% to 80% of the expected handling time. Similarly, the upper bound for 

the handling times was generated randomly using a uniform distribution with a range of 

120% to 150% of the expected handling time. The lower bound for handling times at 

each berth is shown as a red downward triangle in Figure 5-3. The upper bound for 

handling times at each berth is shown as a pink upward triangle in Figure 5-3. 
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The fourth parameter refers to the handling time volume ranges. There are three 

ranges of time that vary according to the volume handled. The first range is from 8 to 24 

hours, this simulates the service for small vessels. Similarly, the second range is from 24 

to 40 hours which simulates the service to medium vessels. The third range is from 32 to 

48 hours, this simulates the service for large vessels.  

The fifth parameter refers to the percentage sets of handling volumes. This 

research assumes four sets of handling volumes. The first set indicates that 25% of the 

handling volume serves small vessels, 50% serves medium vessels, and 25% serves large 

vessels. The second set indicates that 50% of the handling volume serves small vessels, 

25% serves medium vessels, and 25% serves large vessels. The third set indicates that 

25% of the handling volume serves small vessels, 25% serves medium vessels, and 50% 

serves large vessels. The fourth set indicates that the handling volumes are distributed 

uniformly. Figure 5-4 shows the handling time per vessel using the third set (25%, 25%, 

50%) of volumes. Figure 5-5 shows the handling time per vessel using the fourth (33%, 

33%, 33%) set of volumes. The handling times will depend on the volume set. For 

instance, Figure 5-4 shows more vessels that require longer handling times while in 

Figure 5-5 the handling times are distributed evenly.   
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Figure 5-4. Example Handling Time per Vessel Using Percentage Set 3  

 

 

  
Figure 5-5. Example Handling Time per Vessel Using Percentage Set 4  
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5.2 Implementation of Solution Approach 

After the creation of the problem scenarios, each scenario is solved using the 

proposed heuristic and the solution approach described in chapter 4. Each problem is 

solved using the bi-objective, bi-level solution approach and a PF is obtained in each 

case. The PF provides schedules that take into consideration the uncertainty in the arrival 

and handling times. Figure 5-6 shows an illustration of PF for the proposed solution 

approach. 

 
Figure 5-6. Pareto Front Illustration for Proposed Solution Approach 

Once the Pareto Front Schedules (PFS) are obtained, a simulation of different 

vessel arrivals and handling time combinations is generated. A triangular distribution is 

used to generate vessels’ arrival times and handling times. The motivation to use a 

triangular distribution is the ease of implementation (only requires three data points) and 

it could be used represent continuous asymmetric vessel arrival and handling times over a 

given range. In addition, the use of a triangular distribution is not restrictive and can be 

used to represent different characteristics and patterns in arrival and handling times. In 
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this research, three cases are assumed for each of the stochastic parameters. The three 

cases assumed in the generation of the arrival times are: vessels arrive early, vessels 

arrive on time, and vessels arrive late. The three cases assumed in the generation of the 

handling times are: vessels’ handling is less than expected value, vessels’ handling is 

equal than expected value, and vessels’ handling is greater than expected value. Figure 

5-7 shows the different triangular distributions for the three cases mentioned for each 

parameter.  

Hand. time less than expected Hand. time equal to expected Hand. time greater than expected

Triangular Distribution 
Late Arrival

Triangular Distribution 
Early Arrival 

Triangular Distribution 
On Time Arrival 

 

Figure 5-7. Triangular Distributions for Arrival and Handling Times 

Forty eight scenarios were created using different percentages of vessels arriving 

early, on time, and late with handling times less, equal, and greater than their expected 

handling time. For each scenario, hundred arrival and handling time combinations were 

developed.  The created arrival and handling time combinations are assumed to be the 

actual arrival and handling times. Therefore they are used to evaluate the schedules 

provided by the PF compared to other scheduling policies. The other scheduling policies 

and the comparison are described in the following sections.  

5.3 Simulation of Other Scheduling Policies 

The new combinations of arrival and handling times are used to evaluate and 

compare PF schedules with three scheduling policies. The other scheduling policies are 

First Come First Serve – Early Start (FCFS-S), First Come First Serve – Early Finish 

(FCFS-F), and the schedule that minimized the total service time given an Expected 
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Arrival and Handling Time (EAHTS). The latter schedule was developed using the 

heuristic proposed by (M. Golias 2007), where the expected handling and arrival time is 

the mean arrival and mean service time. An explanation for FCFS-S and FCFS-F 

scheduling policies is described next.  

5.3.1 FCFS Scheduling Policies 

In order to understand and describe the other scheduling policies refer to the 

following example where there is a terminal with 2 berths and 4 vessels. The arrival and 

handling times for the vessels are given in Figure 5-8. 

Berths : 2
Vessels: 4

Vessel # Time Vessel # \ Berth # B1 B2
V1 8 V1 6 8
V2 10 V2 8 6
V3 12 V3 8 6
V4 14 V4 6 8

Arrival Times (Hrs) Handling Times (Hrs)

 
Figure 5-8. Example of Terminal with 2 Berths and 4 Vessels for FCFS Policies 

5.3.1.1 FCFS – Early Start (FCFS-S) 

This scheduling policy assigns vessels on a first come first served basis as soon as 

a berth is available for service. Under this policy a vessel will be assigned to a berth only 

depending on the availability of the berth space. This type of scheduling policy provides 

the earliest start process time. Using the information from the example described in 

Figure 5-8, the schedule using a FCFS-S policy would be as shown in Figure 5-9. In this 

case, vessel 3 would wait 2 hours for berth 1 to be available and vessel 4 will wait 2 

hours for berth 2 to be available. The total service time for this example is 16 hours.  
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Berth
B1
B2

Time 8 10 12 14 16 18 20 22 24

Vessel 1
Vessel 2

Vessel 3
Vessel 4

 
Figure 5-9. Example Schedule Using FCFS-S 

5.3.1.2 FCFS – Early Finish (FCFS-F) 

This scheduling policy assigns vessels on a first come first served basis to the 

berth that allows the earliest completion of service. Under this policy a vessel will be 

assigned to a berth depending on the shortest finish time even if there is a berth space 

available. This type of scheduling policy provides the earliest finish process time. Using 

the information from the example described in Figure 5-8, the schedule using a FCFS-F 

policy would be as shown in Figure 5-10. In this case, vessel 3 would wait 4 hours for 

berth 2 to be available and vessel 4 will be assigned to berth 1 upon arrival.  The total 

service time for this example is 14 hours. 

Berth
B1
B2

Time 8 10 12 14 16 18 20 22

Vessel 1
Vessel 2 Vessel 3

Vessel 4

 
Figure 5-10. Example Schedule Using FCFS-F 

5.4 Simulations Comparison 

After the generation of the arrival and handling times using a triangular 

distribution (now called actual times). The four strategies (PFS, FCFS-S, FCFS-F, 

EAHTS) are tested and evaluated using the actual times. In order to simplify the 

terminology, the ‘average total service time’ will be referred as ‘average total cost’ and 

the ‘range of the total service time’ will be referred as ‘range of cost’ from this section 

forward. The results obtained for each of the datasets are shown in the following figures 

(Figure 5-11 thru Figure 5-18). Note that the EAHTS schedule is called Exact. 
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Figure 5-11. Results of Simulations Datasets 1 thru 6 
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Figure 5-12. Results of Simulations Datasets 7 thru 12 
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Figure 5-13. Results of Simulations Datasets 13 thru 18 
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Figure 5-14. Results of Simulations Datasets 19 thru 24 
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Figure 5-15. Results of Simulations Datasets 25 thru 30 
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Figure 5-16. Results of Simulations Datasets 31 thru 36 
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Figure 5-17. Results of Simulations Datasets 37 thru 42 
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Figure 5-18. Results of Simulations Datasets 43 thru 48 

The dataset results presented in Figure 5-11 thru Figure 5-18 show that the 

Schedules of PF (SPF) provide a significant smaller cost range than its counter parties 

(FCFS-S, FCFS-F, and EAHTS). For example, the highest range of the SPF for 

dataset#31 is approximately $600 while the ranges of the other scheduling policies are 
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around $1,400 to $1,600 (See Figure 5-16). The results show that the other scheduling 

policies are at least 3 times higher cost ranges than the cost ranges from the SPF. For 

instance, in Figure 5-14 the cost ranges for the SPF are between $100 and $300 while the 

cost ranges for the FCFS-S and the FCFS-F are between $400 and $1,100. On the other 

hand, the policy that usually provides a smaller average cost is the FCFS-F. The results 

showed that in 18 out of 48 datasets, the SPF provided schedules that had lower average 

total cost than the FCFS-F. Also, the FCFS-F policy frequently would provide smaller 

average total cost but the cost ranges are significantly higher than the SPF.  

Furthermore, the results of the simulations are shown in Table 5-3 and Table 5-4. 

Table 5-3 shows the results of the 24 scenarios for a terminal with 4 berths. The results 

are sorted by the level of congestion which in this case it is measured by the number of 

vessels. Similarly, Table 5-4 shows the results of the 24 scenarios for a terminal with 5 

berths. Three cases have been marked in Table 5-3, that show the performance of the SPF 

compared to the other scheduling policies. The first case shows that at low levels of 

congestion (only 19 vessels in port) the FCFS-F strategy performs better than the other 

strategies. The second case shows that as the congestion level increases the SPF strategy 

performs better than the other strategies. The third case shows that at high congestion 

levels (68 vessels at port) the SPF outperforms the other strategies. Also, the SPF strategy 

outperforms the other scheduling strategies at all times when the objective is to minimize 

the cost range. The SPF shows significantly lower cost ranges than the other scheduling 

strategies. 
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Table 5-3. Results for Average Cost and Cost Range for a Terminal with 4 Berths 

 
Average Cost (Days Per Vessel) Cost Range (Days Per Vessel) 

Congestion SPF FCFSF FCFSS EAHTS SPF FCFSF FCFSS EAHTS 
19 0.79 0.61 0.68 1.00 0.12 0.71 0.74 0.76 
25 1.02 0.94 1.04 1.18 0.15 0.76 0.78 0.80 
26 1.10 0.97 1.11 1.34 0.13 1.05 1.04 1.08 
34 1.43 1.30 1.44 1.67 0.20 1.06 1.04 1.02 
35 1.45 1.23 1.38 1.72 0.18 1.19 1.17 1.03 
35 1.46 1.39 1.54 1.61 0.17 1.10 1.08 0.99 
35 1.46 1.69 1.83 1.71 0.17 1.03 1.00 0.88 
36 1.49 1.30 1.44 1.91 0.24 1.21 1.17 1.22 
36 1.50 1.47 1.58 1.70 0.18 0.98 0.99 0.94 
37 1.56 1.61 1.73 1.84 0.16 0.96 0.92 0.85 
40 1.65 1.79 1.89 1.76 0.19 1.07 1.05 1.02 
40 1.67 1.71 1.84 1.96 0.18 1.00 0.97 1.03 
43 1.79 1.86 2.00 1.94 0.24 1.18 1.17 1.02 
44 1.85 1.87 2.01 2.10 0.21 1.14 1.12 1.04 
44 1.85 1.85 1.99 2.20 0.22 1.11 1.09 1.25 
48 1.98 1.90 2.05 2.21 0.27 1.17 1.15 0.99 
52 2.18 2.26 2.41 2.47 0.22 1.23 1.18 1.03 
53 2.23 2.27 2.45 2.57 0.34 1.41 1.39 1.27 
54 2.24 2.44 2.63 2.61 0.24 1.36 1.33 1.33 
54 2.26 2.18 2.32 2.59 0.30 1.26 1.23 1.23 
56 2.34 2.32 2.50 2.76 0.27 1.43 1.45 1.34 
58 2.40 2.46 2.64 2.74 0.24 1.19 1.16 1.03 
59 2.45 2.72 2.86 2.77 0.27 1.36 1.34 1.34 
68 2.82 3.35 3.59 3.18 0.28 1.65 1.60 1.40 

 

Table 5-4 shows similar pattern as Table 5-3 regarding congestion levels and 

strategy performance. The FCFS-F strategy repeatedly provides the lowest average total 

cost under low levels of congestion. With high levels of congestion (70 vessels) the SPF 

provides a smaller cost (2.92 days) than the other strategies (3.14 days, 3.40 days, and 

3.52 days). The cost range provided by the SPF is at least 3 to 4 times lower than the cost 

range provided by FCFS strategies and the EAHTS.  
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Table 5-4. Results for Average Cost and Cost Range for a Terminal with 5 Berths 

 
Average Cost (Days Per Vessel) Cost Range (Days Per Vessel) 

Congestion SPF FCFSF FCFSS EAHTS SPF FCFSF FCFSS EAHTS 
14 0.58 0.46 0.53 0.73 0.18 1.17 1.13 1.15 
18 0.73 0.40 0.46 0.84 0.15 0.75 0.74 0.82 
21 0.89 0.65 0.73 1.11 0.21 1.38 1.35 1.23 
22 0.91 0.78 0.86 1.19 0.19 1.00 0.99 1.05 
27 1.14 0.86 0.95 1.32 0.20 0.86 0.85 0.84 
28 1.17 0.96 1.11 1.41 0.17 1.07 1.02 1.05 
29 1.21 0.98 1.09 1.39 0.24 1.09 1.09 0.95 
29 1.22 0.97 1.08 1.45 0.12 0.58 0.57 0.59 
30 1.24 1.13 1.28 1.51 0.25 1.06 1.05 1.13 
30 1.25 1.16 1.33 1.71 0.32 1.18 1.16 1.08 
32 1.32 1.20 1.38 1.69 0.21 1.53 1.45 1.38 
36 1.52 1.61 1.82 1.95 0.22 1.50 1.42 1.54 
37 1.56 1.30 1.44 1.72 0.19 0.88 0.89 0.82 
38 1.59 1.31 1.44 1.68 0.16 0.68 0.68 0.78 
39 1.63 1.66 1.79 1.91 0.17 1.06 1.01 1.03 
41 1.70 1.49 1.63 2.02 0.20 0.70 0.70 0.73 
44 1.85 1.79 1.95 2.32 0.28 1.20 1.11 1.15 
48 2.02 2.17 2.32 2.41 0.15 0.58 0.63 0.78 
50 2.10 2.14 2.34 2.53 0.25 1.12 1.06 1.04 
56 2.33 2.16 2.45 2.66 0.18 0.93 0.86 0.83 
58 2.41 2.56 2.83 2.77 0.33 1.37 1.23 1.25 
60 2.49 2.79 2.99 3.02 0.21 0.92 0.93 0.96 
61 2.53 2.55 2.81 2.90 0.14 0.97 0.91 0.89 
70 2.92 3.14 3.40 3.52 0.24 0.94 0.90 0.87 

 
Therefore, it can be seen that the proposed berth scheduling strategy provides 

feasible and effective schedules that take into consideration uncertainty in arrival and 

handling times. Moreover, the schedules provided by the PF have better performance in 

terminals with high congestion levels and the small range difference makes the schedule 

a robust alternative. It can be observed that both solutions (average cost and cost range) 

outperform the FCFS policies and the EAHTS strategy as there number of vessels is 

increased.  
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5.5 Pareto Front Evaluation  

This section provides the improvement results of solution algorithm described in 

Chapter 4. Specifically, this section revises the impact of the creation of new iterations 

for the improvement of the PF. The results shown in this section correspond to the steps 2 

to 4 of the flowchart shown in Figure 4-1. The following figures show the improvement 

of the PF as the number of iterations increases. The first generation of PF Schedules 

(PFS) is marked with a black circle and the final generation of PFS is marked with a red 

asterisk. Each figure shows the improvement results for the PF for the dataset according 

to the number of berths (3 or 4), the time horizon (7 days), the handling times case set 

(refer to Table 5-1 for the set number), and the arrival time window (24 hrs or 48 hrs). 

For instance, the graphs in Figure 5-19 show the improvement in the PFS as the 

number of iterations and chromosomes generations increased. This figure represents the 

results obtained for a terminal with 4 berths, where vessel inter-arrival times are 3 hours, 

and the arrival time window is 24 hours. The graph in the upper left corner is a dataset 

with the first case of handling times (25%, 50%, and 25%), the graph in the upper right 

corner is a dataset with the second case of handling times (50%, 25%, and 25%), the 

graph in the lower left corner is a dataset with the third case of handling times (25%, 

25%, and 50%), and the graph in the lower right corner is a dataset with the fourth case of 

handling times (33%, 33%, and 33%). Similarly, all other figures follow the same pattern 

for handling times with varying number of berths, inter-arrival times, and arrival window 

ranges.  For a detailed description of the handling times sets and parameters refer to 

section 5.1 and Table 5-1. 
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Figure 5-19 thru Figure 5-30 show the results for all datasets. In Figure 5-19, it 

can be observed that the curve of the first generation of PFS is towards the right. As the 

number of generations is increased and the mutations and crossover operations are 

performed the new PFS provide schedules with lower average cost and ranges and the PF 

curve is shifted to the lower right.  

 

 
 Figure 5-19.  PF Improvement for a 4 Berth Terminal with 3 hrs of Inter-arrival Times and Arrival 

Window of 24 hrs 
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Figure 5-20. PF Improvement for a 4 Berth Terminal with 3 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs  

Figure 5-21. PF Improvement for a 4 Berth Terminal with 4 hrs of Inter-arrival Times and Arrival 
Window of 24 hrs 
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Figure 5-22. PF Improvement for a 4 Berth Terminal with 4 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs 

 Figure 5-23. PF Improvement for a 4 Berth Terminal with 5 hrs of Inter-arrival Times and Arrival 
Window of 24 hrs 
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Figure 5-24. PF Improvement for a 4 Berth Terminal with 5 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs 

Figure 5-25. PF Improvement for a 5 Berth Terminal with 3 hrs of Inter-arrival Times and Arrival 
Window of 24 hrs 
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Figure 5-26. PF Improvement for a 5 Berth Terminal with 3 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs 

Figure 5-27. PF Improvement for a 5 Berth Terminal with 4 hrs of Inter-arrival Times and Arrival 
Window of 24 hrs 
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Figure 5-28. PF Improvement for a 5 Berth Terminal with 4 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs 

Figure 5-29. PF Improvement for a 5 Berth Terminal with 5 hrs of Inter-arrival Times and Arrival 
Window of 24 hrs 
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Figure 5-30. PF Improvement for a 5 Berth Terminal with 5 hrs of Inter-arrival Times and Arrival 
Window of 48 hrs 

 A clear example of the improvement process with the number of iterations is 

shown in Figure 5-31. The average cost and range of the PF schedules improve as the 

number of generations is evaluated.  

 
Figure 5-31. PF Improvement for a 5 Berth Terminal with 5 hrs of Inter-arrival Times and Arrival 

Window of 48 hrs with Handling Time Case 2  
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5.6 Heuristics Evaluation 

The final section of this chapter is the comparison and evaluation of the heuristics 

performance with the solutions provided by an exact algorithm for the lower level 

problem shown in function 13. The comparison demonstrates that the MISH and MASH 

heuristics used to solve the lower level problems provide optimal or near optimal 

solutions with shorter CPU times. The following results show that the results provided by 

the MISH and MASH heuristics do not deviate significantly if an exact algorithm is used 

to solve the lower level problem.  

This section refers to evaluation of step 2 in the flowchart of Figure 4-1. At step 2 

there are two possible approaches to obtain )](,[ minmin SAC  and )](,[ maxmax SAC , the first 

is the use of an exact algorithm and the second is the use of heuristics. This research 

proposes the use of heuristics to reduce the computational time required. The results 

obtained show that if an exact algorithm (i.e. primal simplex of CPLEX) is to be used, the 

results obtained with the heuristics do not deviate from the exact solution and that they 

are within the optimal solution. Furthermore, it can be seen that the CPU time required 

for the heuristics is significantly lower than the time required by using CPLEX. 

Table 5-5 and Table 5-6 show the difference value of the results obtained using 

CPLEX and the results obtained using MASH. In addition, these tables provide the 

computational required for the exact algorithm and the computational time used by 

MASH. Table 5-5 shows the results for a terminal with 4 berths which corresponds to the 

first 24 datasets and Table 5-6 shows the results for a terminal with 5 berth which 

corresponds to the last 24 datasets. 
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 Table 5-5. Results of CPLEX versus MASH for a Terminal with 4 Berths 

  CPLEX VS MASH (4 Berths) 

Dataset 
# 

Obj. Fun. 
Value 

Difference 

CPU Time 
CPLEX 

(sec) 

CPU Time 
Heuristic 

(sec) 

1 0 1.16 0.019 
2 0 1.45 0.002 
3 0 1.42 0.001 
4 0 1.12 0.001 
5 0 1.48 0.001 
6 0 1.13 0.001 
7 0 1.42 0.001 
8 0 1.09 0.001 
9 0 1.23 0.001 
10 0 1.1 0.001 
11 0 1.25 0.001 
12 0 1.14 0.001 
13 0 1.15 0.001 
14 0 1.38 0.001 
15 0 1.12 0.001 
16 0 1.43 0.001 
17 0 1.09 0.001 
18 0 1.29 0.001 
19 0 1.11 0.001 
20 0 1.32 0.001 
21 0 1.13 0.001 
22 0 1.46 0.001 
23 0 1.25 0.001 
24 0 1.13 0.001 

  In Table 5-5, the results obtained by MASH were the same as the results obtained 

by CPLEX. In addition, the average computational time required by CPLEX is 1.2438 

seconds while the average computational time required for MASH is 0.0018 seconds. 

This means that CPLEX will take more than 690 times longer than the MASH.  
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Table 5-6. Results of CPLEX versus MASH for a Terminal with 5 Berths 

  CPLEX VS MASH (5 Berths) 

Dataset 
# 

Obj. Fun. 
Value 

Difference 

CPU Time 
CPLEX 

(sec) 

CPU Time 
Heuristic 

(sec) 

25 0 1.78 0.018 
26 0 1.74 0.002 
27 0 1.4 0.002 
28 0 1.65 0.001 
29 0 1.57 0.001 
30 0.01 1.4 0.002 
31 0 1.56 0.002 
32 0 1.51 0.002 
33 0 1.39 0.002 
34 0 1.56 0.002 
35 0 1.61 0.001 
36 0.01 1.4 0.002 
37 0.01 1.48 0.001 
38 0 1.45 0.002 
39 0 1.43 0.001 
40 0 1.48 0.001 
41 0 1.43 0.001 
42 0 1.39 0.001 
43 0 1.53 0.001 
44 0 1.49 0.001 
45 0 1.42 0.001 
46 0 1.54 0.001 
47 0 1.47 0.001 
48 0 1.38 0.001 

 In Table 5-6, the results obtained by MASH were within 1% of the results 

obtained by CPLEX. Also, 21 of the results obtained using MASH were the same as the 

results when using CPLEX. The average computational time using CPLEX was 1.5025 

seconds while the average computational time of MASH was 0.0021 seconds. This means 

that CPLEX will take more than 715 times longer than the MASH. 
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Table 5-7 and Table 5-8 show the difference value of the results obtained using 

CPLEX and the results obtained using MISH. In this case, the results obtained by MISH 

are the same as the results obtained by CPLEX. For a detailed proof refer to (Golias et al. 

2013). In addition, these tables provide the computational required for the exact 

algorithm and the computational time used by MISH. Table 5-7shows the results for a 

terminal with 4 berths which corresponds to the first 24 datasets and Table 5-8 shows the 

results for a terminal with 5 berth which corresponds to the last 24 datasets. 

In Table 5-7, the average computational time required by CPLEX is 1.3829 

seconds while the average computational time required for MISH is 0.0006 seconds. The 

results obtained show that the MISH provides 99% lower CPU than the exact algorithm. 

In Table 5-7, the longer period of CPU time required for the MISH is 0.0037 seconds 

(dataset #1). The CPU time required for CPLEX for dataset #1 is 1.39 seconds. The 

MISH finds the solution 1.3863 seconds faster than the exact algorithm. Similarly, the 

longer period of CPU time required for the CPLEX is 1.73 seconds (dataset #19). The 

CPU time required for the MISH for dataset #19 is 0.0004 seconds. The MISH finds the 

solution 1.7296 seconds faster than the exact algorithm. 
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Table 5-7. Results of CPLEX versus MISH for a Terminal with 4 Berths 

  CPLEX VS MISH (4 Berths) 

Dataset 
# 

Obj. Fun. 
Value 

Difference 

CPU Time 
CPLEX 

(sec) 

CPU Time 
Heuristic 

(sec) 

1 0 1.39 0.0037 
2 0 1.24 0.0006 
3 0 1.09 0.0004 
4 0 1.31 0.0007 
5 0 1.1 0.0005 
6 0 1.23 0.0004 
7 0 1.13 0.0005 
8 0 1.3 0.0004 
9 0 1.1 0.0004 
10 0 1.37 0.0004 
11 0 1.11 0.0004 
12 0 1.4 0.0006 
13 0 1.68 0.0005 
14 0 1.45 0.0005 
15 0 1.49 0.0005 
16 0 1.54 0.0004 
17 0 1.4 0.0004 
18 0 1.59 0.0006 
19 0 1.73 0.0004 
20 0 1.42 0.0007 
21 0 1.67 0.0004 
22 0 1.49 0.0006 
23 0 1.39 0.0004 
24 0 1.57 0.0005 

 

 In Table 5-8, the average computational time required by CPLEX is 1.3946 

seconds while the average computational time required for MISH is 0.0005 seconds. 
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Table 5-8. Results of CPLEX versus MISH for a Terminal with 5 Berths 

  CPLEX VS MISH (5 Berths) 

Dataset 
# 

Obj. Fun. 
Value 

Difference 

CPU Time 
CPLEX 

(sec) 

CPU Time 
Heuristic 

(sec) 

25 0 1.28 0.0005 
26 0 1.11 0.0004 
27 0 1.19 0.0007 
28 0 1.14 0.0005 
29 0 1.21 0.0005 
30 0 1.12 0.0005 
31 0 1.33 0.0004 
32 0 1.23 0.0004 
33 0 1.17 0.0004 
34 0 1.29 0.0004 
35 0 1.12 0.0004 
36 0 1.33 0.0005 
37 0 1.41 0.0005 
38 0 1.68 0.0005 
39 0 1.67 0.0005 
40 0 1.48 0.0006 
41 0 1.48 0.0006 
42 0 1.47 0.0004 
43 0 1.45 0.0004 
44 0 1.66 0.0005 
45 0 1.41 0.0005 
46 0 1.87 0.0005 
47 0 1.77 0.0004 
48 0 1.6 0.0006 

 

As seen in Table 5-5 thru Table 5-8, the results obtained by the proposed 

heuristics in this research provide optimal or near optimal solution. More than 90% of the 

time, the results obtained by the MISH and MASH heuristics are the same as the results 

obtained with the exact algorithm.  
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6. CONCLUSIONS AND FUTURE RESEARCH 

The purpose of this research was to develop a robust and effective berth schedule 

that takes into account uncertainty in arrival and handling times when assigning vessels 

to berths at a container terminal. This research presented a mathematical model and a 

solution approach based heuristics. The problem was formulated as a bi-objective bi-level 

optimization problem. Simulations and different numerical results demonstrated that the 

proposed solution approach provides berth schedules that outperform other scheduling 

policies in congested terminals.  

The results of the simulations have shown three key points. The first refers to the 

improvement of the schedules as a relationship of the number of iterations evaluated. The 

results obtained show that the Pareto Front Schedules improve their performance as more 

generations are evaluated. The second refers to the performance of the heuristics 

proposed compared to an exact algorithm. The results obtained show that more than 90% 

of the time the MISH and MASH provide the same solution as CPLEX to determine  

)](,[ minmin SAC  and )](,[ maxmax SAC  in the lower problem. In addition, the MISH and 

MASH provide solutions that are optimal or near optimal. The use of heuristics brings a 

key advantage to the solution approach proposed because the computational time 

required to solve the lower problem is significantly lower than the CPU time of an exact 

algorithm. Finally, the third point refers to performance of proposed schedules (PFS) 

compared to other scheduling policies (FCFS-S, FCFS-F, and EAHTS). The results 
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obtained show that the Pareto Front Schedules outperform the other scheduling policies 

in container terminals that have high level of congestion. In addition, the schedules 

proposed are robust in comparison to the other scheduling policies because they provide a 

smaller range difference. Other key contributions and some areas for future research are 

described in the following sections.   

6.1 Major Contributions of the Study 

The first contribution of this research is the ability to address uncertain arrival and 

handling times simultaneously. Previous research in the field had addressed uncertainty 

only in arrival times or handling times. 

The second contribution of this research is the applicability of the mathematical 

formulation which could be applied to other type of scheduling problems. In this 

research, the berth scheduling problem was formulated as a bi-objective optimization 

problem. The first objective was to minimize the average total service time. This 

objective addresses the performance measurement because it shows the possible port 

throughput. The second objective was to minimize the range of the total service time; this 

addresses the variability within the time windows. This objective addresses the 

robustness of the schedule. Each of the objectives has two optimization problems within 

their formulations. Thus the problem was re-formulated as bi-level problem where the 

proposed heuristic algorithm is used to solve it.   

The third contribution of this research is the heuristics used in the solution 

algorithm. The MISH and MASH heuristics were developed to evaluate the lower level 

problem. In addition, the use of a genetic algorithm is incorporated in the solution 

approach to determine to find the schedules that best address the objectives required.   
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6.2 Recommendation for Future Work  

Future research directions are in progress to analyze the efficiency of the 

proposed approach when probability distributions for vessel arrival and/or handling times 

are known. Other research directions are the adjustment of service order of pre-selected 

schedule to reduce the range of total service time according to their handling and arrival 

time depending on the objective. Finally, other research direction is the evaluation of 

emergency arrivals and the impact on the schedules.  
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