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Abstract
The systems engineer is challenged with building an understanding and collecting knowledge
about the multiple dimensions, functions, and perspectives of systems and allocating resources to
improve their design, operations, and other decision making processes. Risk analysis has a role of
identifying, assessing and tracking emergent and future conditions that drive the dynamics of
systems. However, the literature of comparative risk analysis in the 1990s to the present fell short
of its aim that risk analysis could inform resource allocations across domains of health,
environment, ecology, workplace safety, engineering, humans and organizations, finance, etc.—
yet such span of domains is a distinguishing feature of complex systems. Among others, there was
an objection that losses of lives, damages, finances, etc., should not be equated or balanced by
multiplicative factors or other mathematical functions. Thus, there remains a gap to use risk
analysis to quantify the degrees of concern (or the warranted levels of investment to allay those
concerns) across non-comparable entities. Modeling and mathematical disruption theory offers a
way that formerly non-comparable sources of risk can be compared, at least in part, by the degree
of disruption to the schedules that constitute enterprises and problem domains. This dissertation
will model systems in terms of their schedules of elements and, subsequently, quantify and
compare the disruptions of the schedules by combinations of emergent and future conditions. The
result is a characterization of the disruptions that most and least matter across formerly noncomparable domains. A framework and methodology will consist of (i) a literature review (ii)
adopting a system analysis of schedules, (iii) composing disruptions as emergent and future
conditions into operations disruptions, perspective disruptions, and time frame disruptions, (iv)
testing of the schedules by each of the disruptions, (v) identifying the disruptions that most and
least matter to the schedules, (vi) finding implications for information to collect on particular
i

emergent and future conditions in a process of monitoring. The approach supplements the
traditional conceptions of risk as (a) probability and severity of adverse effects (Lowrance, 1976),
(b) effect of uncertainty on objectives (International Organization for Standardization, 2009), (c)
influence of scenarios to priorities (Lambert et al. 2009-2017), etc.), and extends risk analysis to
address “the impact of disruption of schedules”. The developed theory and methodology are
demonstrated with application to scheduling at a marine container port with disruptions of
operations, perspectives, and time frames.
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Chapter 1

Introduction
Overview
This section introduces the content of the dissertation, its purpose and scope. The motivation for
the research is discussed, the research questions and problems are stated. The purpose and scope
for later chapters are discussed along with expected contributions. The chapter concludes with
definitions of key terms and an illustration of the organization of the remainder of the dissertation.

Motivation
In systems analysis and engineering, a schedule (or scheduling) is an ordered list of system
elements, typically with associated time, location, cost, and other constraints (Conway et al. 2003;
Pinedo, 2016). Owner/operators of engineering and enterprise systems collect ever-increasing
amounts of data to adjust schedules of their assets, projects, organizational units, investments,
policies, environments, etc. The value of the data depends in part on the ability of system
owner/operators to leverage it in scheduling to understand and increase their business wealth and
productivity. Methods and techniques for big data analytics of schedules have thus proliferated
among practitioners of systems engineering. It can be useful to link the outcomes of analytics to
1

schedule impacts such that the return on investment in analytic capabilities can be assessed
(Deloitte, 2017). For logistics schedules in particular, organizations are beginning to widen the
scope of their procedural design, and take a more holistic approach to network design and
optimization (Loh et al., 2016). The systems engineer (INCOSE, n.d.) has an important role in
providing research, methods and tools to aid in the development of metrics, models, solutions,
methods for both schedules and the potential disruptions to those schedules. Furthermore, risk
analysis has key roles including to identify and track the emergent and future conditions to which
the schedules might be exposed, and understanding the impacts of these conditions (Thorisson et
al. 2017; Karvetski et al. 2009).
Examples of systems with multiple, sometimes competing objectives are ubiquitous. In the
1960s, Feldbaum (1960) introduced the concept of dual control. When controlling a system, at
least two objectives must be considered: (i) driving the system towards its desired state and (ii)
actively learn and gather information to reduce uncertainty about system parameters. The theory
was challenging for practical implications although many approximations and numerical solutions
were developed (Wittenmark, 1995). In the era of big data, the principles of dual control have
increasing importance and modern applications have been identified in economic systems,
manufacturing, information retrieval, robotics, and other domains (Fu, 2017). Conceptually, the
tradeoff in dual control is similar to the exploitation-exploration tradeoff that lies at the core of
many modern machine learning techniques. Bayesian reinforcement learning (Ghavamzadeh et al.
2015; Klenske & Hennig, 2016) deals with balancing the objective of maximizing some reward
with learning about the system which could later be used to gain an even higher reward and
ensuring the algorithm does not converge onto a local, but not global, maximum. In the context of
risk analysis, scenarios are frequently used to explore and learn about the emergent and future
2

conditions a system can be exposed to. Objectives include minimizing the expected or maximum
loss or achieving a level of performance with an acceptable level of risk. Thus, risk analysis and
risk management are tasked with the same tradeoff dilemma.

Purpose and scope
Enterprises have strategic and tactical priorities and values that evolve over time. The priorities
are manifested in the various schedules of the enterprises: investments, operations, workforce
development, and others. Disruptions of various kinds can trigger a re-evaluation of those priorities
and thus an update of schedules.
The purpose of this effort is to identify and quantify disruptions to schedules of complex
systems. Studying the disruption of schedules extends the comparison of risks across a variety of
problem domains such as health, environment, communication, economics, etc. beyond the
comparison of likelihood and consequences. The approach includes (i) to create and evaluate
schedules that are subject to a variety of disruptions, (ii) to develop metrics to quantify the
disruption of schedules when stressed by internal and external emergent and future conditions, and
(iii) to contribute to a general theory of how schedule disruptions are propagated in complex
systems of interest to systems engineers.
Similarity metrics from statistics, ecology, information science, and machine learning enable
the comparison of sets of outcomes or probability distributions (Choi & Lee, 2003; Condit et al.
2006; Leydesdorff, 2008). Re-purposing and adapting these metrics to engineering application
provides metrics for schedule disruption. Building on a definition of risk as “the effect of
uncertainty to objectives” (International Organization for Standardization (ISO) 2009), the theory
and methods developed will show how disruptions can change the trade-offs between different
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system objectives. An instance of this is the re-prioritization of system elements under the
influence of combinations of emergent and future conditions. Previously, scenario-based
preferences (Lambert et al. 2013; Connelly et al. 2015; Karvetski and Lambert 2012) quantified
risk as the influences of scenarios to priorities. Elements of strategic plans were prioritized and
reprioritized under various scenarios of socio-economic, environmental, policy, security factors,
among others. However, analysis of risk via scenario-based preferences has been limited to ordinal
rankings. In part, this dissertation will extend the theory to schedules where the order can have
additional constraints of time, location, cost, etc. with some probabilistic elements. Thus it
advances risk analysis by studying the influences of disruptions to enterprise schedules.

Contributions
The dissertation makes contributions to the theory, methods, and applications of systems
engineering. These are summarized below and discussed in detail in Chapter 10. The italicized
terms are defined in the “Key terms” section later in Chapter 1.
Contribution 1: Modeling framework for scheduling with stochastic model elements.
Formulation of a mixed-integer linear model and Monte Carlo simulation assigning ships
to locations and times given a set of requirements.
Contribution 2: Quantification of schedule disruptions for risk comparisons across
domains. Development of measures that quantify disruptions of both schedule assignments
and schedule performance. The measures have a theoretical foundation in probability, set
theory, information theory, and others.
Contribution 3: Model-informed operational disruption analysis. Applying the modeling
framework to evaluate impacts of operational disruptions to scheduling.
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Contribution 4: Model-informed tradeoff analysis of schedules. Leveraging modeling
framework to balance the multiple objectives of stakeholders, including schedule
operational costs, delays, and robustness.
Contribution 5: Model-informed schedule option development. Enumeration, filtering, and
evaluation of deterministic schedule options based on the outputs of the modeling
framework.
Contribution 6: Demonstration of modeling framework for a marine container port system.
The framework is implemented for the berthing of container vessels at the Port of Virginia,
USA.

Key terms
This section defined key terms in the dissertation. Although not a comprehensive list of all
technical terms pertaining to the theory, methods, and applications, it summarizes those with the
most relevance to the innovations and contributions.
Theory/methods
Schedule/Scheduling: In this dissertation, a schedule refers to a list of system elements, each with
associated time and location assignments and some measures of performance. The
definition allows time, location, and other factors of the schedule elements to be
deterministic or probabilistic, represented by random variables. Scheduling is a process of
creating, updating, and adjusting schedules.
Emergent and future conditions: Emergent and future conditions are uncertain factors that can
influence outcome, performance, or decision making of a system. The can be internal to
the system, such as policies or projections advocated by a group of stakeholders, or
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external, such as natural disasters, macroeconomic shifts, and others (Thorisson et al.
2017).
Schedule disruption: A disruption is a combination of emergent and future conditions that has
potential to cause deviations of schedules, both assignments and performance. In this
dissertation, measures are proposed for the quantification of schedule disruptions.
Schedule option: A schedule option is a deterministic instance of a schedule. In other words, if a
schedule representation includes random variables a schedule option is an operationally
feasible realization of the random variables.
Schedule assignment: The prioritization of time, location, and other resources allocated to
schedule elements is referred to as schedule assignment. For instance, schedule assignment
includes deciding which terminal a container ship berth at and what time it is berthed.
Schedule performance: The costs, delays, resource utilizations, and other indicators resulting from
a schedule assignment are collectively referred to as schedule performance.
Risk analysis: In line with the glossary of the Society for Risk Analysis, the study of risk analysis
in the context of this dissertation includes “risk assessment, risk characterization, risk
communication, risk management, and policy relating to risk, in the context of risks of
concern to individuals, to public and private sector organizations, and to society at a local,
regional, national, or global level (Aven et al., 2018).”
Model-informed: A model-informed approach, a term from the biomedical community, “aims to
integrate information from diverse data sources to help decrease uncertainty […], and to
develop information that cannot or would not be generated experimentally (CukierMeisner, 2017).”
6

Demonstration
Port: In this dissertation, a port is the physical infrastructure and the organization governing
intermodal transactions of goods, in particular loading and unloading ships and providing
transfer to trucks, trains, and other modes of transportation carrying goods.
Terminal: A terminal is a specific location within a port providing infrastructure to load and
unload ships and transfer to trucks, trains, and other modes of transportation.
Berth: A berth is a section along the quay of a terminal where a ship “parks” while goods are
loaded and unloaded.
Vessel: A vessel in the context of this dissertation is a container ship transporting containerized
goods between marine ports. Used interchangeably with ship.
Operational cost: The expenses incurred by the port when loading and unloading a vessel. These
include labor, equipment operations and maintenance, and others but exclude capital cost
and other overhead expenses shared across the port organization.
Delay: The time that passes between the arrival of a vessel at the port until it is berthed at a
terminal.
Schedule robustness: The stability of schedules to variations in input variables is referred to as
schedule robustness (Goren & Sabuncuoglu, 2009; Wang & Meng, 2012). Most
specifically, in this dissertation a robust schedule has high certainty about assignment of
resources in the face of variations.
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Organization of dissertation
This dissertation is organized into several chapters. Chapter 1 provided a motivation for the topics
of the dissertation, described the purpose and scope, and the organization of the remainder of the
dissertation.
Chapter 2 provides a survey of literature on the relevant theory, methods, and applications of
system scheduling and disruptions in logistics, infrastructure, and other fields.
Chapter 3 describes the methodological framework developed. The framework includes a
technical approach to modeling schedules, elicit disruptions of operations, perspectives, and
different time frames, and quantification of the disruptions to the modeled schedules.
Chapter 4-8 demonstrate the framework through case studies in scheduling at maritime
container ports. Specifically, Chapter 4 introduces the domain of the container port schedules and
a system analysis identifies the major stakeholders, uncertainties, and time frames associated with
the various scheduling activities, particularly vessel berth scheduling. Chapter 5 studies disruptions
to vessel berth scheduling from emergent and future conditions that affect the operations capacity
of the port. Chapter 6 quantifies how multiple, possibly conflicting, perspectives can disrupt the
vessel berth scheduling. Chapter 7 considers a different time frame and analyzes how scheduling
is disrupted when the planning horizon changes. Chapter 8 studies scheduling of truck operations
and compares and contrasts operations based on a key performance indicator.
Chapter 9 provides a discussion of the topics of the dissertation, including theoretical and
methodological challenges and limitations, model testing and evaluation, and extensions to other
domains.
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Chapter 10 summarizes the significance and contributions of the dissertation to literature and
practice, and identifies areas of future work.
Figure 1-1 illustrates the organization of dissertation.
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Figure 1-1. Organization and roadmap of dissertation.
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Chapter 2

Literature review
Overview
This chapter will give an overview of relevant literature on schedule disruptions. It is organized
into three parts: (i) theory, (ii) methods, and (iii) applications. Table 2-1 summarizes the contents
of the chapter.
Table 2-1. Overview of Chapter 2, where literature is identified and discussed.
Chapter objective

Identification of the literature of scheduling and schedule disruptions

Motivation

Establishing the theoretical, methodological, and practical foundation
for the remainder of the dissertation

Approach and data

Review of journals of systems engineering, risk analysis, operations
research, probability and statistics, logistics, and others

Contributions

Comprehensive overview of definitions of schedule disruptions and
measures of quantification, including Jaccard index, overlap coefficient,
Bhattacharyya distance, and others
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Theory
Systems engineering provides a framework for problem domains that are characterized by
increasing complexity, uncertainty, emergent properties, and ambiguity about system boundaries
(Jaradat et al. 2017). Systems analysis (Gibson et al. 2016) with its associated theory, methodology
and tools addresses value creation in engineering and enterprise systems. Hierarchical holographic
modeling (Haimes 2016, 1981) offers a way to decompose large-scale systems into smaller
individual systems (hierarchy) from multiple viewpoints or perspectives (holographic). Brugnach
et al. (2008) address the multifarious nature of decision problems in terms of uncertainty. They
consider ambiguity, or multiple knowledge frames, as a type of uncertainty along with epistemic
and aleatory. Scenario planning has been useful in exploring uncertainties of complex systems
where probabilities are derived from expert opinions and subject to cognitive bias (Goodwin &
Wright, 2001). This is particularly relevant to developing situations facing inherent deep
uncertainties (Karvetski et al., 2009; Boin and McConnell 2007). In contrast to risk analysis that
focuses on probabilities and consequences, resilience analysis with scenario-based preferences,
has focused on quantifying the influence of scenarios to priorities (Almutairi et al. 2018; Karvetski
et al. 2011; Quenum et al. 2019).
Theoretical definitions of scheduling share concepts such as order, time, allocation of
resources, and others. Conway et al (2003) define scheduling as the process of constructing an
order of operations. Pinedo (2016) includes more specifics and defines scheduling by the
“allocation of resources to tasks over given time periods and its goal is to optimize one or more
objectives”. The study of disruptions of schedules has caught the attention of researcher in recent
years. Various definitions have been proposed but most share the notion that a disruption causes a
12

deviation (from a baseline) in the performance of the schedules, in terms of time, cost, resource
utilization, or other factors. Hassannayebi et al. (2016) define disruption as the occurrence of a
disorder or deviation from initial plan and develop an approach to manage disruption in rail transit
systems. In the context of critical infrastructure, disruption has been defined as the interruption to
customer service demands (Thacker et al. 2017). The authors use network theory to build a systemof-systems model of infrastructure sectors and analyze how disruptions cascade through multiple
scales and interconnected systems. In supply chains, Hishamuddin et al. (2013) define a supply
chain disruption as an event that disrupts the material flow in the supply chain. They note that
these events can be triggered by both internal and external factors. A similar dichotomy is noted
by Katragjini et al. (2013), where manufacturing flow shop disruptions are classified as capacity
disruptions, which relate to failure of machines or other internal sources, or order disruptions, that
are caused by job cancellations, raw material shortages, and other external factors.
Li et al. (2016) further distinguish between disruption events and regular uncertainties in
logistics. Regular uncertainties refer to relatively frequent occurrences that can be described with
probability distributions derived from historical data. Examples of these uncertainties include
travel times of trucks between two cities, downtimes of certain machines, and the number of
containers on a vessel to be handled at a particular port. Regular uncertainties are often considered
when schedules are created, such as when airlines add buffer times to published schedules.
Disruption events on the other hand are less frequent or one-time events that are usually not
considered in the scheduling process but can have significant effect on the schedule if they occur.
Examples include weather events such as hurricanes, labor strikes, or indirect effects such as an
accident closing a major highway diverts high volumes of traffic onto other roads.
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Quantifying the disruptiveness of various scenarios to a schedule or plan is addressed by in
scenario-based preferences by comparing prioritizations or timelines and using statistical measures
such as Spearman rank correlation (Thorisson et al., 2017) or Kendall Tau-b coefficient (You et
al. 2014). The disruptiveness measure is aimed at highlighting which scenarios (combinations of
emergent and future conditions) most disrupt the schedule. To generalize the idea, a disruption
function can be defined as a mapping from two schedules, 𝑍, to a one or more (total of 𝑛) disruption
measures:
𝑑: 𝑍1 × 𝑍2 → ℝ𝑛

(1-1)

The disruption measures are based on the outputs of the schedule and thus there can be a
disruption in cost, time, location, need for resources, and many others.
Of course, schedule disruption needs to be understood in a context of uncertainty analysis.
Uncertainty in mathematical modeling has been classified into epistemic (knowledge,
fundamental) and aleatory (variability, randomness) (Apostolakis, 1999; Kiureghian & Ditlevsen,
2007; Paté-Cornell, 1996). This bifurcation of uncertainty can assist identifying factors or areas
where uncertainty can be reduced (epistemic) and where uncertainty is intrinsic to the problem
(aleatory).
Walker et al. (2003) recognize that there are further dimensions of uncertainty beyond
classifying it as reducible or irreducible. They identify three dimensions:
Location of uncertainty: where in the model the uncertainty manifests itself. This includes
uncertainty about context, model form, inputs, and parameters.
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Level of uncertainty: where on the spectrum between perfect knowledge to completely
unknown the uncertainty falls. The authors specify four levels: statistical uncertainty,
scenario uncertainty, recognized ignorance, and total ignorance.
Nature of uncertainty: whether uncertainty is due to lack in knowledge (epistemic) or
inherent variability of phenomena (aleatory).

Methods
Approaches for managing schedule disruption are generally either reactive, by optimizing recovery
and adjusting schedules at the time of disruption occurrence, or proactive, which includes building
robust and resilient schedules. Brouer et al. (2013) analyze recovery strategies of disruptions of
liner shipping schedules by speeding up travel, swapping port calls, or omitting a port call. They
note the tradeoff between speeding up, which increases fuel cost and emissions of CO2 and other
pollutants. Li et al. (2015) address the same problem but identify a threshold of delays where
speeding up is no longer a feasible recovery option and swapping or omitting is recommended. In
urban rail transit, Hua and Ong (2017) analyze the recovery duration and number pf passengers
transferred to other modes during a disruption of rail services. Balancing the cost of switching
from rail to bus with carbon emissions is considered by Fang and Jiang (2018). In aviation, Hu et
al. (2015) develop an optimization method for reassigning passengers and aircraft following a
significant delay or cancellation of a flight. Katragjini et al. (2013) develop an algorithm for
rescheduling a manufacturing operation when facing multiple types of disruptions simultaneously.
The approaches reviewed in the previous paragraph assume the response to a disruption starts
when it is close in time and there is a non-negligent probability that it will occur. Scenario analysis
(Godet, 2000) can be useful to explore disruptions without an estimation of probabilities. Collier
and Lambert (2018) schedule hurricane response activities and evaluate how disruptions of both
15

project activities and shifting preferences of decision makers affect the execution of the schedule.
Taleizadeh (2017) create manufacturing schedules that are robust to disruptions by planning for
back-ordering.
Disruption measures are available for the above purposes in the literature of statistics and set
theory. Three are reviewed here and mathematically defined in Table 2-1. The overlap coefficient
is defined as the ratio of the intersection of two sets (or probability distributions) by the smaller of
sets (minimum of the distributions) (Larson, 2014). Examples of use are comparing income
distributions in economic analysis (Inman & Bradley Jr, 1989) and population migration (Clemons
& Bradley, 2000). The Jaccard index is defined as the size of the intersection of two sets divided
by the size of the union. The index is used in a variety of fields, such as measuring eco-diversity
(Condit et al., 2006), default risk analysis of enterprises by analyzing interdependencies (Calabrese
et al. 2017), and author co-citation analysis (Leydesdorff, 2008). Both the overlap coefficient and
the Jaccard index can be formulated for either sets or probability distributions. A measure that is
fully founded in probability is Bhattacharyya distance, defined as the integral of the square root
of the product of two density functions. The measure is used in feature selection (Choi and Lee
2003; Guorong et al. 1996) and can be used to measure an upper bound on the probability of
misclassification in a two class problem (Aherne et al. 1998).
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Table 2-2. Overview of various disruption measures found in the academic literature of computer
science, economics, ecology, and other fields.
Disruption measure
Overlap coefficient

Definition
𝑂𝑉𝐿𝑠𝑒𝑡 =

(set formulation)
∞

Overlap coefficient
(probability formulation)

Inman & Bradley Jr, 1989
Clemons & Bradley, 2000

−∞

𝐽𝑠𝑒𝑡 =

(set formulation)

|𝑋 ∩ 𝑌|
|𝑋 ∪ 𝑌|

∞

Jaccard index
𝐽𝑝𝑟𝑜𝑏 =
Bhattacharyya distance

Larson, 2014

𝑂𝑉𝐿𝑝𝑟𝑜𝑏 = ∫ min(𝑓1 (𝑡), 𝑓2 (𝑡)) 𝑑𝑡

Jaccard index

(probability formulation)

|𝑋 ∩ 𝑌|
min(|𝑋|, |𝑌|)

Source

∫−∞ min(𝑓1 (𝑡), 𝑓2 (𝑡)) 𝑑𝑡

Calabrese et al. 2017
Leydesdorff, 2008
Condit et al. 2006

∞

∫−∞ max(𝑓1 (𝑡), 𝑓2 (𝑡)) 𝑑𝑡
∞

Choi and Lee 2003

𝐵𝐶 = ∫ √𝑓1 (𝑡)𝑓2 (𝑡)𝑑𝑡
−∞

Guorong et al. 1996
Aherne et al. 1996
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Applications
As an example of scheduling in engineering, vessel scheduling at ports is a topic which has been
studied in the operations research literature due to its mathematical structure (Alvarez et al. 2010;
Robenek et al. 2012). The aim of the “berth allocation problem” is to find a combination of
berthing times and locations at a quay that optimizes an objective function. Stahlbock and Voss
(2008) and Bierwirth and Meisel (2015) give extensive overview of operations research methods
used and classify different problem structures. Dulebenets et al. (2015) consider the case where
vessels can be directed to a second terminal when there is excessive demand at designated
locations. Uncertainty in vessel berthing problems (Budipriyanto et al. 2015) has been addressed
by Monte-Carlo simulation (Dragovic et al. 2006; Alattar and Karkare 2006) and sensitivity
analysis of parameters (Xu et al. 2012).
Scenario analysis has been used in freight transportation planning where rapid changes in the
industry make historical data useless to decision making (Di Francesco et al. 2009). In other cases,
such as when preparing for unprecedented large-scale high consequence but low probability
events, different policies and responses can be explored using scenarios (Parlak et al. 2012;
Lambert et al. 2013).
There are various other cases in the scientific literature where elements of a plan need to be
arranged, or scheduled, in two or more dimensions, such as time and space. Scheduling
construction activities has been researched in detail (Akinci et al. 2002; Thabet and Beliveau 1994)
and risk analysis of construction workspace planning by identifying time-space conflicts has been
proposed (Akinci et al. 2002). In environmental sciences, policies of restoration and conservation
of eco-systems and natural environments have been prioritized in time and space by selecting
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appropriate locations at appropriate times given funding availability (Wilson et al. 2009; 2011;
Rappaport et al. 2015).

Summary
Jaradat et al. (2017) identify in a recent paper seven attributes that characterize current research on
complex systems. Table 2-2 lists the attributes and the extent to which this dissertation covers each
one. The literature, in theory, applications, and methods, thus suggests a gap or opportunity for
systems risk analysis by disruption of schedules as well as available theory and methodology on
which to build.
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Table 2-3. Attributes characterizing complex systems (Jaradat et al., 2017).
Attribute

Coverage

Contribution

by
dissertation
Increasing

Significant

future conditions and perspectives

complexity
Ambiguity

Method to quantify disruptions of multiple emergent and

Marginal

Incorporation of multiple perspective to counter ambiguity
about system boundaries and objectives

High levels of Marginal

Description for various levels of uncertainty: historical

uncertainty

fluctuations, uncertainty of emergent and future conditions,
recognized uncertainty (e.g. data quality)

Emergence

Marginal

Anticipation of emergent behaviors

Evolutionary

Significant

Identification of emergent and future conditions that might
cause changes in the system and prioritization among

development

disruptions of such conditions
Interconnectivity Marginal

Utilizing methods that support modeling of interconnectivity
among system elements

Integration

None

-
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Chapter 3

Methodological framework
Overview
This section describes a methodological framework for modeling schedules and various
disruptions of the schedules. First, a scheduling approach based on the generalized assignment
model is modified to include stochastic inputs is formulated. Second, three types of disruptions,
operations disruptions, perspective disruptions, and time frame disruptions, are described and
techniques to model each type. Third is a formulation of measures, comparable across the three
types, to quantify the degree of disruption. Fourth is a description of recommendations for data
collection based on the findings in previous steps of the analysis. An overview of the chapter is
provided in Table 3-1. Figure 3-1 describes technical elements of the approach. This includes
defining model inputs, optimization and simulation requirements, and implications for disruptions
and schedule option development.
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Table 3-1. Overview of Chapter 3, describing the methodology and technical approach for
scheduling and disruptions for risk comparisons.
Chapter objective

Delineation of framework of scheduling and modeling of various types
of disruptions to the schedules

Motivation

Outlining the approach that is implemented and exercised in the
dissertation

Approach and data

Formulation of generalized assignment model for scheduling including
random input variables
Identify adjustments of modeling approach for various types of
disruptions
Definition of disruption coefficient based in set theory and probability

Contributions

Formal incorporation of random input variables to assignment model for
scheduling
Derivation of disruption coefficient and interpretation for risk analysis
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Figure 3-1. Flowchart describing elements of technical approach for modeling schedules, schedule disruptions, and quantifying the
disruptions and schedule options.
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Schedules
This section outlines schedule modeling as a component of system analysis. A first step in any
systems analysis is to define the problem: What is the purpose of the analysis and in what context
are the results interpreted. This includes identifying stakeholders and decision makers, resources
they have and the time frames associated with the various stakes they hold and decisions they
make. This describes what resources, time frames, and decisions are shared among stakeholders
and what is independent. A goal is to set the scope of the schedules and create a context in which
subsequent tasks in evaluated. Thus the analyst can at any moment go back and assess whether the
boundaries of the analysis are consistent with the scope.
The approach is a review and development of models for scheduling. The models needs to be
sufficiently detailed to provide a useful description of the phenomenon being modeled but general
enough to be applicable to a variety of infrastructure systems and decision contexts. Scheduling,
as any decision process, involves multiple stakeholders with different, sometimes conflicting,
objectives. Thus, several scheduling strategies or perspectives should be formulated and evaluated,
each representing a particular stakeholder objective.
The results from this step provide baseline schedules, assuming business-as-usual conditions.
In subsequent tasks, disruptions to this baseline are introduced.
The generalized assignment problem
Various problems in systems engineering involve the assignment of some limited resources to
meet a demand. This includes instances of scheduling, for example scheduling aircraft and crew
for airline operations, scheduling manufacturing jobs to machines in factories, allocating
computing resources to network users, as well as assigning container vessels to terminals at a
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marine port. A well-studied model in applied mathematics, known as the general assignment
problem (Kundakcioglu & Alizamir, 2008), can serve as a starting point for the analysis of these
problems. In its simplest form it is composed of assigning n system elements (jobs) to m locations
(agents) while meeting an objective of minimizing cost (or maximizing profit). Assigning an
element to a location requires use of some of the capacity of the location, which is limited. It is
required that each element is assigned to exactly one location and that the capacity of each location
is not exceeded. In mathematical terms, the problem can be written as
𝑛

𝑚

min ∑ ∑ 𝑐𝑖𝑗 𝑥𝑖𝑗
𝑥

𝑖=1 𝑗=1

∑𝑛𝑖=1 𝑎𝑖𝑗 𝑥𝑖𝑗 ≤ 𝑏𝑗
∑𝑚
𝑗=1 𝑥𝑖𝑗 = 1
Subject to
𝑥𝑖𝑗 ∈ {0,1}
𝑜𝑡ℎ𝑒𝑟𝑠

∀𝑗
∀𝑖
∀(𝑖, 𝑗)


(3-1)

Here, 𝑥𝑖𝑗 are the decision variables with 𝑥𝑖𝑗 = 1 when system element 𝑖 is assigned to location
𝑗 and 𝑥𝑖𝑗 = 0 otherwise. The resources used when assigning element 𝑖 is assigned to location 𝑗 is
𝑎𝑖𝑗 and the cost is 𝑐𝑖𝑗 . The capacity of location 𝑗 is 𝑏𝑗 . The objective is to minimize the total cost
of assignments. The first constraint ensures that the capacity of each location is not exceeded. The
second constraint ensures that each element is assigned to exactly one location. This both serves
the requirement that each element is assigned to a location as well as prohibiting that an element
can be split up between two locations. The third constraint states that the decision variable is
binary, i.e. there is no such thing as a partial assignment. In addition, there can be other constraints
that are specific to each application. This can include setup times in machine scheduling, minimum
rest time for airline crews, etc. In the demonstration, several constraints beyond the first three will
be introduced.
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A special case of the generalized assignment model is the berth allocation problem which is
frequently used to model the scheduling of vessels at ports (Bierwirth & Meisel, 2015). The
formulation of the model assigns a time and berthing location to each vessel considered for a given
time period, while meeting an objective such as minimizing cost or delays. In this case it is
assumed that inputs such as arrival time, container volume, and handling time are fixed and known.
Recorded outputs, in addition to the time and location, are e.g. costs, deviations between arrival
time and berth time, and facility utilization. The optimization problem is described in full detail in
Chapter 4.
Addressing input uncertainty in generalized assignment problem
The majority of research on the generalized assignment problem, and operations research in
general, finds a single solution that maximizes or minimizes the defined objective. In the most
straightforward cases, all inputs (here, the values of 𝑎𝑖𝑗 , 𝑏𝑗 , 𝑐𝑖𝑗 ) are considered deterministic and
known at the time of decision-making and the solution is a vector of deterministic decision
variables 𝑥𝑖𝑗 . However, for many applications, the inputs are not deterministic but are described
by probability distributions. For example, in vessel terminal assignment, there are week-to-week
fluctuations in how many containers are carried by vessels which corresponds to 𝑎𝑖𝑗 when
terminals have weekly capacity 𝑏𝑗 .
Now, the generalized assignment problems is examined in the context of probabilistic inputs.
The inputs are now random variables (𝐴𝑖𝑗 , 𝐵𝑗 , 𝐶𝑖𝑗 ) that can follow any distribution. The decision
variables, mapped from the probabilistic inputs, are no longer a binary vector of 𝑥𝑖𝑗 , rather each
decision is represented by a Bernoulli random variable 𝑋𝑖𝑗 with parameter 𝑝𝑖𝑗 , {∀𝑝𝑖𝑗 :𝑝𝑖𝑗 ∈ [0,1]}.
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In addition to input and decision variables being represented by random variables, performance
measures such as the system cost, 𝐶 = ∑𝑛𝑖=1 ∑𝑚
𝑗=1 𝑐𝑖𝑗 𝑥𝑖𝑗 , follow a distribution.
In application, the input distributions can in many cases be fitted from historical data. MonteCarlo simulation can then be used to derive the distributions for the decision variables and system
cost. In Monte-Carlo simulation, a large number of iterations is run. In each run, a random sample
of the input variables is used to populate the deterministic generalized assignment model and the
decision variables and system cost is recorded. After all iterations have been completed, the
distributions for the decision variables and system cost are derived.
In vessel berth scheduling, some input variables that are modeled as random variables with
distributions fitted from historical data are arrival times of vessels, handling times, and container
volume (the number of containers on each vessel). Drawing randomly from the input distributions,
output distributions for the system cost, delays, utilizations, and vessel berthing times and locations
are derived.

Disruptions
A disruption of a schedule is a combination of one or more emergent and future conditions with
the potential to cause a deviation from a baseline in the performance of the schedules, in terms of
time, cost, resource utilization, or other factors. Often times, there are reasons to anticipate that
emergent and future conditions will be different from the past. Emergent refers to conditions that
are realized by a more complete understanding of the system, revelation of new information, or
reinterpretation of purpose and objectives. Future refers to future events or changes of mind. The
conditions can be external, such as weather and flood events, or surges in demand for services
before holidays, or internal, such as updates business objectives and procedures, or planned

27

construction and maintenance. After compiling a list of emergent and future conditions, a
disruption is defined by combining one or more of the conditions. Thus a disruption can be
composed of an extreme weather event during a period of capacity limitation for maintenance.
The sources of disruptions, the emergent and future conditions, are diverse and are placed in
three categories: operations disruptions, perspectives disruptions, and time frames disruptions. The
three categories and different technical approaches of modeling them are explored in further detail
in this section.
Operations disruptions
Operations disruptions refers to conditions where performance of schedules is affected but without
triggering a re-evaluation of objectives and schedules processes. The impacts of the disruptions
are tested by changing input variables to represent the conditions covered by the scenario. In the
notation of the generalized assignment problem, this equates making changes to the parameter 𝑎𝑖𝑗
and 𝑏𝑗 . A main difference between probabilistic scheduling, achieved using Monte-Carlo
simulation, and the operations disruptions analysis is that the manipulation of inputs in the latter
case is not dependent on historical data and can therefore include values previously not
encountered but external trends or anticipations of stakeholders suggest that might be realized.
This includes addition or closure of locations, changes in costs, the addition or removal of system
elements, and others.
Perspectives disruptions
Systems have multiple stakeholders, each with their own set of goals and objectives which overlap
to varying extents. The stakeholders have different levels of interest and power in influencing
scheduling processes, and this balance can change over time. Perspective disruptions refers to the
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degree which different objectives affect performance of schedules, measured in cost, delays, and
resource utilization. Modeling perspectives disruptions in the generalized assignment model is
achieved by changing the objective function to represent the different perspectives, 𝑐𝑖𝑗 in the
notation.
Time frames disruptions
Time frames play a central role in scheduling, as well as decision making in general (Haimes,
2012). Schedules are made for days, weeks, months, or years, often with a recurring cycle.
Different time frames call for significantly different modeling approaches. For instance,
scheduling in real time arrivals of trains to platforms can utilize a first-come first-serve policy
while scheduling the train arrivals for a daily service lasting months or years requires more
sophisticated approaches. The generalized assignment model with probabilistic elements, as
described earlier, has a time frame associated with the input variables. In practice, such as in the
train example, such a time frame could be repeated for a period much longer. In some cases it can
be possible to update the schedule every time frame, taking into account the most recent
information available and effectively reducing the uncertainty around 𝑎𝑖𝑗 , 𝑏𝑗 , and other parameters
in the model. However, sometimes this is not possible and one fixed schedule must be aggregated
from the probabilistic results. The following describes an approach of enumerating and filtering
schedule options and evaluating those schedule options on their performance.
If all decision variables in an 𝑛 × 𝑚 assignment problem have a non-binary probability, so
{∀𝑥𝑖𝑗 : 𝑥𝑖𝑗 ∈]0,1[}, there are a total of 2𝑛𝑚 possible combinations before constraining the solution
space. For a relatively simple problem of assigning 10 elements to 2 locations this gives over a
million possible decisions. It is therefore critical to limit the space of solutions such that decisionmakers can consider the costs, benefits, and trade-offs of different alternative solutions. The
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proposed heuristic requires subjective input on thresholds and error tolerances, as well as external
requirements not represented in the optimization model.
In each iteration of the heuristic there are six parts:
1. Run the Monte-Carlo simulation for the generalized assignment problem. Generate
Bernoulli parameters 𝑝𝑖𝑗 .
2. Assign element 𝑖 to location 𝑗 when the probability of optimally assigning 𝑖 to 𝑗 is larger
than or equal to a threshold 𝑉. Mathematically this is written as
𝑝𝑖𝑗 ≥ 𝑉 ⇒ 𝑥𝑖𝑗 = 1, ∀(𝑖, 𝑗)

(3-2)

3. Not assign element 𝑖 to location 𝑗 when the probability of optimally assigning 𝑖 to 𝑗 is
smaller than or equal to a threshold 𝑊. That is
𝑝𝑖𝑗 ≤ 𝑊 ⇒ 𝑥𝑖𝑗 = 0, ∀(𝑖, 𝑗)

(3-3)

4. Restrict the number of elements to be performed by location 𝑗. Since it is assumed that 𝑋𝑖𝑗
follows a Bernoulli distribution with parameter 𝑝𝑖𝑗 , the sum of 𝑛 such variables with
different parameters follows a Poisson binomial distribution with a mean 𝜇𝑗 = ∑𝑛𝑖=1 𝑝𝑖𝑗
and variance 𝜎 2 = ∑𝑛𝑖=1 𝑝𝑖𝑗 (1 − 𝑝𝑖𝑗 ). In other words, the expected number of elements
performed by location 𝑗 when schedule is optimized is the sum of the probabilities of each
element being assigned to the location. Defining a scalar 𝑈, the number of elements to be
assigned to location 𝑗 can be restricted to a range of 𝑈 standard deviations from the
expected number of elements:
∑𝑛𝑖=1 𝑝𝑖𝑗 ± 𝑈√∑𝑛𝑖=1 𝑝𝑖𝑗 (1 − 𝑝𝑖𝑗 ) , ∀𝑗
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(3-4)

5. Include other requirements. In application, there may be specific requirements that restrict
the solution space further. An example from vessel terminal assignment is when a vessel
can only be scheduled at a subset of terminals due to size of vessel, equipment available,
labor contracts, or other reasons.
6. Evaluate the size of the problem, i.e. the number of schedule options after filtering in steps
2-5. If the number of feasible solutions is lower than a threshold, 𝑇, evaluate all feasible
solutions. Otherwise repeat steps 1-5, adding constraint to represent the assignments and
other filtering made.
The goal of the filtering is to produce a number of schedule options that are evaluated against
the random inputs (𝐴𝑖𝑗 , 𝐵𝑗 , 𝐶𝑖𝑗 ) as discussed in the following paragraphs.
The optimization and simulation and subsequent filtering results in a number of schedule
options. This part evaluates the schedule options against the random inputs, fitted from historical
data, and records the outputs in terms of system cost and other performance measures. This is again
done by Monte-Carlo simulation. However, a difference from the previous is that each schedule
option is considered fixed and not optimized for every sample of inputs. The purpose is to examine
trade-offs between different objectives, including ones the schedule is not optimized for, as well
as providing decision makers with alternatives. This adds value to recommendations from analysis
by buffering against a single optimal solution being operationally infeasible due to a factor not
included in the mathematical model.
Figure 3-1 summarizes the steps and data inputs to the approach. The optimization model is
built from requirements and iterated in a Monte-Carlo simulation using probabilistic inputs. The
space of schedule options is filtered based on some thresholds which creates new
requirements/constraints for the optimization model. Finally when the number of schedule options
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is under a threshold, they are evaluated against the random inputs and performance and trade-offs
of the various schedule options examined.

Figure 3-2. Approach to scheduling using the generalized assignment model with uncertain
inputs using optimization, simulation, and filtering of solutions.

Metrics
This section develops metrics that quantify disruptions of schedules. The disruption is quantified
by comparison of system performance in different scenarios. When system performance is
represented by distributions, statistics offer a number of approaches to compare two result profiles.
Two-sample unpaired t-test is used to test difference in performance means and Levene’s test can
be used to test difference in performance variances between scenarios. Furthermore, a visual
inspection of histograms can provide insight into the differences between scenarios.
The disruption of the scenarios to the baseline schedules is measured by comparison of system
performance. System performance from a simulation can be represented by (i) multisets or (ii)
distributions.
32

A multiset is an extension of the conventional set, where elements can occur multiple times.
The notation adds a superscript to the elements, indicating their multiplicity in the multiset. Thus,
the set {𝑎1 , 𝑎1 , 𝑎2 , 𝑎3 , 𝑎3 , 𝑎3 } is equivalent to the multiset {𝑎12 , 𝑎2 , 𝑎33 }. In general, a multiset is a 2tuple (𝐴, 𝑚) = (𝐴 = {𝑎1 , … , 𝑎𝑛 }, {𝑚(𝑎1 ), … , 𝑚(𝑎𝑛 )}) where 𝐴 is a set of the unique elements in
the multiset and 𝑚: 𝐴 → ℤ≥ is a mapping from 𝐴 to the non-negative integers denoting the
multiplicity of each. The notation is convenient for sets with high multiplicity of relatively few
elements. The common set operations, such as inclusion, addition, union, and intersection can be
defined for multisets. For the purposes of this dissertation, we define the union (∪𝑀 ) of multisets
(𝐴, 𝑚𝐴 ) and (𝐵, 𝑚𝐵 ) as the 2-tuple (𝐴 ∪ 𝐵, max(𝑚𝐴 , 𝑚𝐵 )) where ∪ is the union operator from
conventional set theory. Similarly, the intersection (∩𝑀 ) is defined as (𝐴 ∩ 𝐵, min(𝑚𝐴 , 𝑚𝐵 ).
Now, let 𝐴𝑀 and 𝐵𝑀 be multisets of possible outcomes for two different scenarios. The purpose
of quantifying disruption is to describe to what extent a scenario changes outcomes in ways that
are distinguishable from the baseline. Multiset 𝐴𝑀 contains possible outcomes in the baseline
scenario and 𝐵𝑀 contains possible outcomes in the disruptive scenario. A disruption coefficient,
𝐷(𝐴𝑀 , 𝐵𝑀 ), should have the following properties:
𝐷(𝐴𝑀 , 𝐵𝑀 ) = 0 when the sets of possible outcomes (𝐴𝑀 and 𝐵𝑀 ) are identical.
𝐷(𝐴𝑀 , 𝐵𝑀 ) = 1 when the sets of possible outcomes (𝐴𝑀 and 𝐵𝑀 ) are disjoint.
𝐷(𝐴𝑀 , 𝐵𝑀 ) = 𝑘 ∈ [0,1] when the proportion of possible outcomes 𝐵𝑀 that are not shared
with possible outcomes 𝐴𝑀 is 𝑘.
These properties are satisfied by the following definition
𝐷(𝐴𝑀 , 𝐵𝑀 ) = 1 −
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|𝐴𝑀 ∩𝑀 𝐵𝑀 |
|𝐵𝑀 |

(3-5)

In cases where possible outcomes are a finite set of real numbers, it may be natural to round
outcomes, or bin them, such that an intersection is meaningful. The intervals to which outcomes
are rounded (or size of bins) depends on each problem and should be carefully chosen. The result
of this procedure can be visualized in a histogram. An example is given in Figure 3-2. The dark
shaded are is the intersection of the orange and the blue outcome sets. If blue is the baseline
scenario, the disruption is quantified by the area of the lighter orange.

Figure 3-3. Histogram representation of a disruption coefficient. The proportion of the blue area
to the total of the blue and shaded area is the value of D.
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Alternatively, a probability distribution can be estimated using a kernel density function. A
kernel density function is a continuous, non-parametric estimation of the probability density of a
random variable (Wand & Jones, 1995). It is estimated from a sample of observations (𝑥1 , … , 𝑥𝑛 ),
a smoothing function 𝐾, and a bandwidth ℎ. The density, 𝑓̂, is then defined by the equation:
1
𝑥−𝑥
𝑓̂ℎ (𝑥) = 𝑛ℎ ∑𝑛𝑖=1 𝐾 ( ℎ 𝑖 )

(3-6)

In the demonstration, the smoothing function is selected to be normal distribution function.
This is appropriate due to many output variables being close to normal, in addition to convenient
mathematical properties (Silverman, 1986). In this case, the bandwidth that minimizes the
integrated mean square error has been shown to be (Silverman, 1986):
̂5
4𝜎

1/5

ℎ = ( 3𝑛 )

(3-7)

Using a kernel density function, the histograms are extended to a smooth, continuous function.
Figure 3-3 demonstrates the kernel density functions of the same two samples as in Figure 3-2.
Both methods, histograms and kernel densities, are dependent on the bin width/bandwidth, so one
is not objectively better than the other. In the demonstration, kernel density is used since a
continuous function makes comparison across performance measures and scenarios more natural,
rather than bin sizes of various units.
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Figure 3-4. Kernel density estimation of two samples. The disruption coefficient is measured as
the lack of overlap between the two distributions.
The disruption coefficient can be interpreted as the long-run proportion of observations of
scenario 𝐵 that fall outside normal conditions for scenario 𝐴. Alternatively, it is the extent to which
it is possible to distinguish scenario 𝐵 from scenario 𝐴 for a particular performance measure. It is
formulated to only take values between 0 and 1. A disruption of 0 means that there is no discernable
difference between the performance for scenarios 𝐴 and 𝐵. A disruption of 1 means there is no
overlap of the probability mass functions and any observation would distinguish the scenarios.
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In many cases, system performance can be observed while little is known about inputs and
transfer functions. This includes many human decision processes, where decision makers can state
their priorities under different scenarios, but modeling their transfer functions between inputs and
outputs is difficult or impossible. In part, the disruption coefficient remains valid for the special
case of schedules where historical probability distributions or system performance or not known.
Kendall tau distance (Croux & Dehon, 2010) measures difference between two ordered lists. It
counts the number of pairwise disagreements between the lists. Normalizing the Kendall tau
distance with the total number of pairwise comparisons yields a disruption coefficient for ordered
lists that adhere to properties a.-c.
An advantage of the disruption coefficient is that it does not require the two performance
samples to be paired. Many common measures, most notably Euclidean distance, require a pairing
of elements from each sample. Pearson correlation requires equal sample size. By using set
cardinalities and probability distributions, the disruption coefficient is not limited to paired
situations. This is a useful property, since disrupted outcomes can be observed at a different time
than the baseline outcomes.
Modeling from multiple perspectives brings the benefits of a fuller understanding of the
different trades made by various stakeholders and decision-makers. The disruption coefficient can
similarly be used to quantify discrepancies between schedules results from different strategies or
modeling perspectives. The disruption can thus be compared both across emergent and future
conditions, as well as perspectives. The results of the comparison of schedules and evaluation of
disruption measures across emergent and future conditions provide guidance to where to focus
data collection and risk analysis.
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Significance of coefficients
Several statistical tests are available for the comparison of probability distributions. Typically,
they test the null hypothesis that the location (such as mean, median) or scale (such as variance)
of two distributions are equal. The family of t-tests tests whether two samples have significantly
different means with the assumption of normality of distributions. The Mann-Whitney U test (also
known as Wilcoxon rank-sum test) tests the difference between means of two distributions with a
normality assumption. Examples of test for equivalence of variances are the F-test and Levene’s
test.
The Kolmogorov-Smirnov test is commonly used in two instances (Filion, 2015; Olea &
Pawlowsky-Glahn, 2009; Young, 1977). One is to test whether a sample comes from an underlying
reference distribution and the other to test whether two samples come from the same (unknown)
underlying distribution. The latter instance can be used to evaluate the significance of disruption
coefficients. The idea is that a disruption changes the disruption, whether in terms of location,
scale, or shape. The Kolmogorov-Smirnov, unlike the tests mentioned earlier, test capture
differences in all those terms and can therefore be appropriate to test whether the baseline and the
disrupted distribution are significantly different. The test statistic is defined as
𝐷𝐾𝑆 = max(|𝐹̂1 (𝑥) − 𝐹̂2 (𝑥)|)
In the context of the disruption coefficient and this dissertation, the hypothesis tested are
-

H0: Baseline output and disrupted output come from the same underlying distribution
(no disruption).

-

H1: Baseline output and disrupted output do not come from the same distribution
(disruption occurs).
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In the results later in this dissertation, the Kolmogorov-Smirnov test is performed to evaluate
the significance of the disruption coefficient. A level of significance of 0.05 is used and results
where null hypothesis cannot be rejected will be marked with an asterisk (*).

Data collection
This section describes how results from analyzing disruptions of schedules guide further data
collection and resource allocation. The framework enables the comparison of disruptions of
emergent and future conditions from different domains. It does not require the elicitation of
probabilities or monetization of consequences. The disruption coefficient for different disruptions
can be useful to direct information collection and analysis on particular emergent and future
conditions. If a combination of conditions is found to disrupt the schedule to a significant degree,
or a higher degree than another combination, investment in knowledge collection about that
disruption could be recommended. The knowledge can then support risk mitigation, risk transfer,
or risk acceptance.
Modeling is inherently an incomplete representation of some phenomena. Scheduling for
multiple perspectives addresses an aspect on uncertainty called ambiguity, or multiple knowledge
frames, by some researchers (Brugnach and Ingram 2012; Brugnach et al. 2008). Scheduling for
various emergent and future conditions addresses uncertainty about future states, including deep
uncertainty (Maier et al. 2016; Lambert et al. 2012). In the age of big data, there is a need to more
explicitly account for the data uncertainty, uncertainty pertaining to the data that populates the
models. Data on large-scale infrastructure systems are often originally collected for a specific
purpose but later used for various other purposes to cut time and cost of extensive data collection.
In practice, these uncertainties do not always fit naturally into existing classification schemes. For
example, incomplete data, where some fields are missing, presents a challenge of uncertainty.
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Missing data values are sometimes estimated by extrapolating adjacent values or not included in
the analysis.
This task result in recommendations to system owner/operators. They give directions for
another iteration of the methods by focusing efforts on emergent and future conditions that have
the greatest disruption potential, and track uncertainties throughout the life of the analysis.

Summary
The chapter has provided a methodological framework for modeling schedules with probabilistic
inputs and disruptions of operations, perspectives, and time frames. The framework will guide the
following chapters that demonstrate the methods on case studies from a maritime container port.
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Chapter 4

Demonstration: Systems scheduling
Overview
This chapter describes the background and system analysis for the case studies in Chapters 5-8.
As described in Table 4-1, it starts with an overview of maritime container port operations,
describing business processes, schedules, stakeholders, and related uncertainties before honing in
on the vessel berth scheduling task (Thorisson et al. 2019a). An extension of the generalized
assignment model allocating vessels to berths is formulated and a baseline schedule is modeled
and results analyzed (Thorisson et al. 2019b). The baseline schedule will serve as a starting point
for Chapters 5-7, where disruptions are introduced.
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Table 4-1. Overview of Chapter 4, describing container vessel scheduling at the Port of Virginia.
Chapter objective

Overview of port operations, scheduling activities, and formulation of
baseline vessel berth schedule model

Motivation

Opportunities for improving scheduling in marine container ports by
modeling and simulation

Approach and data

Mixed-integer linear programming and Monte Carlo simulation for
schedule modeling
IDEF business process modeling for system analysis
Operations data from 2016-17 from the Port of Virginia, including
sample schedules and vessel arrival and service information

Contributions

Probabilistic scheduling for vessel berthing
Disruption coefficient as risk impact measure to business process
modeling
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Background
Port operations and schedules
This section describes a maritime container port from a systems view. It identifies main
stakeholders, system schedules, milestones in the movement of containers through the port,
schedules, and pertaining uncertainties, as illustrated in Figure 4-1. The process is described for a
container arriving by vessel and departing by truck or train but the reverse process is similar. When
a vessel arrives and is berthed, the container is unloaded and moved to the stacks where it sits until
picked up by a truck or loaded on a train that transport it to destinations in the hinterland of the
port.

Figure 4-1. Process diagram of the movement of a container through a marine port, describing
major location milestones, stakeholders, schedules, and uncertainties.
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The schedules that impact the cost and efficiency of the process are allocations of berth at
particular terminals to each vessel, the work scheduling of quay cranes that move the container
from vessel to dock, and schedules of rail and truck services. The creation of these schedules
require balancing the preferences of different stakeholders: port owners/operators, ocean carriers
that operate the container vessels, and stevedores who provide the necessary labor to handle
operations. These stakeholder have different, sometimes competing objectives:
-

Port owners/operators want to create revenue by utilizing resources in the most costeffective manner and be competitive with other ports. In many cases, ports are under public
ownership and in addition to creating profit serve to stimulate economic growth in their
region by attracting industry and services that rely on stability in imports and exports.

-

Ocean carriers operate the vessels carrying containers between ports. Their main objective
during a port call is that berthing time is as close to their arrival. Idling is both consumes
fuel and has cascading effects on the vessels route. Handling time, how long it takes for
containers to be unloaded from the vessel and others to be loaded on, is another important
objective of ocean carriers. Furthermore, if a carrier has multiple vessels calling at the port,
it can be desirable that they all berth at the same terminal.

-

Stevedores, often represented by labor unions, provide the landside labor. They operate
cranes and other equipment that moves containers from vessel to dock. Stevedores value
regularity in work schedules, overtime payments when working long shifts, and others.
Stevedores typically contract with the port operator rather than the ocean carrier.

-

Customs officers are responsible for clearing imports and exports shipped through the port
to or from foreign countries.
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-

Truck and rail operators receive the containers from the stacks and transport them to
warehouses, factories, intermodal facilities, and other hinterland destinations. Truck
congestion at container port has been a problem at ports worldwide and a primary objective
is to relief congestion at terminal gates and yard and shorten truck turn times.

-

Hinterland residents live in close proximity with the port and/or transportation corridors
utilized by trucks and trains engaged in port activities. While a port can create jobs and
other economic benefits, adverse environmental effects, air and water quality, traffic
congestion, noise pollution, and others can be of concern to the general public in the
vicinity of a port.

The creation of schedules for vessel berthing, quay crane assignments, and truck and rail
services is achieved in various ways. Many methods are used in practice and even more have been
proposed by researchers. Stahlbock and Voss (2008) describe the various applications of
operations research in container terminal operations. The following summarizes practices and
available methods.
‒ Vessel berth schedules are the result of negotiations between port operators, ocean carriers,
and stevedores. Since the 1990’s, operations researchers given much attention to the “berth
allocation problem”, and developed methods and algorithms for a variety of optimization
objectives, constraints, layouts. Bierwirth and Meisel (2015) provide a literature survey of
berth allocation literature.
‒ Quay crane assignment and scheduling have been studied by operations researchers as well
(Stahlbock & Voss, 2008). In practice they are more often achieved through negotiations
between port operators and stevedores and institutional learning and knowledge. Crane
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assignment and berth scheduling are interacting processes and research has studied the
coupled of the two.
‒ Different scheduling approaches for trucks receiving and delivering containers at ports
exist in practice. Traditionally, terminals have been open during daytime business hours
and trucks have come and gone when convenient for them. In recent years, increased
demand and terminal congestion have prompted port operators to open earlier and close
later or keeping terminals open 24 hours a day for truck services. Reservation systems are
also becoming common, with the first one piloted in the ports of Los Angeles and Long
Beach in 2005. Various implementations exist, but typically a limited number of
reservations are available for time slots of 60-120 minutes. As these systems are still
relatively new, some ports (e.g. New York-New Jersey, Norfolk) only require reservations
during the busiest hours of the day (morning), with plans to expand to longer periods or
only accept trucks with reservations.
The reliability of schedules is of importance to all stakeholders. However, various uncertainties
create a challenge to create schedules that are both efficient in ideal operating conditions but yet
robust to fluctuations and resilient to larger disruptions. Among the most impactful uncertainties
are the time of vessel arrival, the number of containers to be unloaded/loaded, and crane
productivity:
‒ Ocean carriers typically provide services between continents or regions, serving multiple
ports along the way. They often have scheduled weekly or bi-weekly arrival times at each
port. However, due to weather, technical issues, fluctuations in demand, customs clearance,
and other factors, the arrival times are in practice highly variable. It is not uncommon for
a vessel to arrive 24-48 hours before or after their scheduled arrival.
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‒ The number of containers handled at each port, which ultimately contributes to arrival and
departure times, fluctuates based on the demand for products in the ports impact area,
production cycles in exporting countries, and other factors. For example, the demand
depends on the season of the year, with imports increasing around holidays, exports
increasing during seasons of harvest, etc.
‒ Quay crane productivity presents a significant source of uncertainty. Breakdowns, labor
skill level, weather, and stowage of containers on the vessel are among factors that affect
the productivity of state-of-the-art cranes which can run from 15 to 40 containers moved
per hour.
‒ Truck arrivals have historically been relatively unpredictable. Drivers traveling short
distances, e.g. to local or regional warehouses, tend to start arriving early in the morning
to be able to complete 3-5 trips during terminal hours. With reservation systems being
implemented, truck arrivals should become more predictable and evenly distributed
throughout operating hours. However, hinterland traffic, road construction, accidents, and
other factors can cause drivers to miss their reservations and policies are still being
developed on how to handle such cases.
Berth allocation
The focus of this and subsequent chapters is on the berth allocation process. There is a gap between
the theory and methodology of the berth allocation problem in operations research and container
port industry practices. Specifically, the complexity of stakeholder preferences and interactions,
variability between port layouts and specifications, and uncertainties about future demands limit
the applications of optimization methods in practice. Figure 4-2 illustrates the main factors
(parameters, stakeholders, uncertainties, planning horizons, and available methods).
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Figure 4-2. Summary of factors influencing the berth allocation process: Scheduling vessels to a
location and time at a container port.
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The framework proposed here uses methods from operations research and simulation but
adjusts recommendations to account for factors not included in the mathematical model. It
provides a prioritization of vessels, performance measures, and disruptive scenarios that should be
considered by stakeholders while negotiating on schedules. Figure 4-3 gives an overview of the
layers of the framework and related recommendations. A deterministic mixed-integer linear
program to solve the berth allocation problem for a fixed set of inputs provides the first layer. The
second layer adds distributions, based on historical data, to inputs which results in different optimal
solutions for different combinations of input values. This allows for the evaluation of robustness
of berth assignments for various vessels: e.g. a vessel that is optimally berthed at a particular
location in 90% of iterations has a more robust assignment than a vessel that is optimally placed
in one location 50% of iterations and another location 50% of iterations. The third layer defines
scenarios that represent emergent and future conditions, different from those covered by historical
data, or conditions that have potential to surprise stakeholders. This allows for comparison of
robust vessel assignments and other performance measures with and without the influence of the
scenarios.
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Figure 4-3. Layers of methods and recommendations of a framework for vessel scheduling at a
container port.
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Port of Virginia
Maritime container ports are a critical node in global supply chains as transportation of goods over
long distances is in large part carried out by cargo vessels (Buxbaum, 2016). The ports need to
operate through disruptions at global levels (climate, macroeconomic trends, technological
innovations, etc.) and regional levels (extreme weather events, local-level funding, demographic
shifts, seasonal supply and demand). In 2017, major ocean carriers formed new alliances, sharing
resources and services (American Export Lines, 2017). This requires negotiations between ports
and carriers on schedules. Port authorities are concerned with avoiding congestion at their facilities
and cost-efficient equipment usage while carriers want to minimize time spent waiting for and
receiving service at ports of call. Vessel services are typically planned to make weekly stops at
each port. Schedules are typically negotiated for time horizons of months or years and it is
therefore important that they are resilient to various disruptions, such as weather events,
fluctuations in container volume, planned construction and maintenance activities, and others. The
results contribute to robust scheduling and recommendations for preparedness to specific
conditions (Thorisson et al. 2018).
The Port of Virginia (Virginia Port Authority, 2018) is a major port on the East Coast of the
United States. It serves the Commonwealth of Virginia and other states the Mid-Atlantic region,
as well as reaching inland destinations in the Midwest and Southeast via rail connections. Over a
third of its cargo arrives and departs by rail, the highest share among East Coast ports (iContainers,
2015). There port is composed of six facilities, four in the Hampton Roads region, one in
Richmond, and one in Front Royal:
‒ Three container terminals: Norfolk International Terminals (NIT), Virginia International
Gateway (VIG), and Portsmouth Marine Terminal (PMT)
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‒ One designated break-bulk and roll on/roll-off terminal: Newport News Marine Terminal
(NNMT)
‒ One inland barge terminal: Richmond Marine Terminal (RMT)
‒ One truck/rail intermodal container transfer facility: Virginia Inland Port (VIP)
In addition, there are plans to build a new marine terminal, Craney Island Marine Terminal, in
the Hampton Roads. Figure 4-4 gives an overview of the facilities and their locations in the
Commonwealth.

Figure 4-4. Facilities of the Port of Virginia and their locations in the Commonwealth of Virginia
(Port of Virginia, 2015).
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Technical approach
Business process modeling
Lambert et al. [2006] describe a methodology that integrates risk identification and business
process modeling through an extension of IDEF modeling that incorporates sources of risk in
business processes. This methodology is built on the well-known IDEF modeling. Figure 4-5
shows the fundamental elements of IDEF represented by boxes and connecting arrows. A box is
used to represent an activity where the meaning of the arrows varies depending on where they
point to. The meaning of the four arrows used in this methodology is as follows [O’Donovan et al.
2005]:
‒ Input: describes the objects or data that are transformed by the activity into output
‒ Output: describes the objects or data produced by an activity
‒ Control: describes the conditions needed to produce correct output
‒ Mechanism: describes the means used to perform an activity.

Figure 4-5. IDEF modeling format to be extended by adding sources of risk and disruption
potential.
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Now, let A represent the set of activities in the IDEF model:
𝑎𝑘 ,

where {k = 1, 2, …, K}

(4-1)

The subscript k is used here to represent a unique index of an activity, while K represents the
total number of activities included in the IDEF model. Since the total number of inputs, controls,
mechanisms, outputs, sources and disruption potentials of risks can be different from one activity
to another, each n in the following sets will have a different subscript k.
Let W represent the set of inputs of an activity in the IDEF model:
𝑤𝑘,𝑖 ,

where {𝑖 = 1, 2, … , 𝑛𝑘𝑤 }

(4-2)

The subscript i is used to represent a unique index of an input for activity 𝑎𝑘 , while 𝑛𝑘𝑤 is used
to represent the total number of inputs for activity 𝑎𝑘 .
Let C represent the set of controls of an activity in the IDEF model:
𝑐𝑘,𝑗 ,

where {𝑗 = 1, 2, … , 𝑛𝑘𝑐 }

(4-3)

The subscript j is used to represent a unique index of a control for activity 𝑎𝑘 , while 𝑛𝑘𝑐 is used
to represent the total number of controls for activity 𝑎𝑘 .
Let M represent the set of mechanisms of an activity in the IDEF model:
𝑚𝑘,𝑙 ,

where {𝑙 = 1, 2, … , 𝑛𝑘𝑚 }

(4-4)

The subscript l is used to represent a unique index of a mechanism for activity 𝑎𝑘 , while 𝑛𝑘𝑚 is
used to represent the total number of mechanisms for activity 𝑎𝑘 .
Let Z represent the set of outputs of an activity in the IDEF model:
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𝑧𝑘,𝑝 ,

where {𝑝 = 1, 2, … , 𝑛𝑘𝑧 }

(4-5)

The subscript p is used to represent a unique index of an output for activity 𝑎𝑘 , while 𝑛𝑘𝑧 is
used to represent the total number of outputs for activity 𝑎𝑘 .
Since the output of any IDEF model depends mainly on the type of activity, inputs, controls,
and mechanisms associated with this activity (as can be seen in Figure 1) and from the above
described algebraic representation, the output function h of any activity can be written as:
ℎ:𝐴 × 𝑊 × 𝐶 × 𝑀 → 𝑍

(4-6)

Unfortunately, this formulation of the output function ignores the possible disruptions of an
activity. These disruptions can be described as sources of risk. In order to account for the different
sources of risk that disrupt the activity, the methodology developed by Lambert et al. [2006] added
a fifth arrow pointing to the clipped lower-left box corner as can be seen in Figure 4-6.
Let S represent the set of sources of risk of an activity in the IDEF model:
𝑠𝑘,𝑞 ,

where {q= 1, 2, … , 𝑛𝑘𝑠 }

(4-7)

The subscript q is used to represent a unique index of a source of risk for activity 𝑎𝑘 , while
𝑛𝑘𝑠 is used to represent the total number of sources of risk for activity 𝑎𝑘 .
After the introduction of the sources of risk S, the output function h can be rewritten as follows:
ℎ:𝐴 × 𝑊 × 𝐶 × 𝑀 × 𝑆 → 𝑍

(4-8)

With this modification, the output of the IDEF model not only depends on the type of activity,
inputs, controls, and mechanisms, but also depends on the sources of risk associated with the
activity.
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Figure 4-6. Modified IDEF modeling format with risk identification incorporated.
Although the above-described methodology accounts for the sources of risk, it fails to consider
the potential disruptions associated with such risks. To improve this methodology, a sixth arrow
originating from the clipped upper-right box corner and pointing outward is added as can be seen
in Figure 4-7.

Figure 4-7. Modified IDEF modeling format with risk identification and disruption potential
incorporated.
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Let Y represent the set of disruption potential to an activity in the IDEF model:
𝑦

where {r= 1, 2, … , 𝑛𝑘 }

𝑌𝑘,𝑟 ,

(4-9)

The subscript r is used to represent a unique index of a disruption potential (due to a source
𝑦

of risk) for activity 𝑎𝑘 , while 𝑛𝑘 is used to represent the total number of disruption potentials for
activity 𝑎𝑘 .
After this modification, the output function can be written as follows
ℎ:𝐴 × 𝑊 × 𝐶 × 𝑀 × 𝑆 → 𝑍 × 𝑌

(4-10)

The risk assessment approach is presented in four parts. First is deterministic scheduling,
formulating a policy to create schedules with fixed inputs. Second is stochastic scheduling, where
inputs are modeled as random variables to account for historical variability. The third part is risk
identification. Sources of risk are not always represented in historical data. The fourth part
evaluates the schedule disruption potential of each of the identified sources of risk and introduces
measures for quantification of disruptiveness.
The modified business process methodology, described earlier in this section, is used as an
outline for assessment of schedule disruptions at the port. The IDEF model encompasses three
activities: Service Agreement, Berth Allocation, and Operations. These activities have one external
input, two internal inputs, five external controls, five external mechanisms, two external outputs,
two internal outputs, six sources of risk, and three disruption potentials. Table 4-1 and Figure 4-8
show the business process model incorporating the risk identification.
This demonstration will focus on the Berth Allocation process. Of the three business processes,
it has a significant analytical component and the greatest opportunity for improvement using
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systems engineering and risk analysis. The process is controlled by two constraints: the availability
of labor and equipment, and service requirements of the ocean carriers. Three mechanisms are
used for the scheduling: mixed-integer optimization, simulation, and scenario analysis. The model
includes sources of risk that can disrupt the business process, such as temporary capacity
constraints, fluctuations in demand, and others. The outputs of the scheduling are used to inform
decision making and planning for operations.

Table 4-2. Business process notation used in demonstration of vessel scheduling at maritime
container port.
Business process model building block
Activity (A)
Inputs (W)
Controls (C)
Mechanisms (M)
Sources of risk (S)
Outputs (Z)
Disruption potential (Y)

Example from demonstration
Berth allocation
Service contracts
Labor and equipment constraints, service requirements
Optimization, simulation, scenario analysis
Berth closure, higher container volume
Schedule
Disruption measures, quantifying the shift of
performance metric distributions
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Figure 4-8. Business process model with risk identification of operational level activities at a container port. The letters refer to a
building block of business process modeling as described in Table 4-1.
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Berth allocation optimization modeling
This section describes a mixed-integer linear optimization to model a schedule. The formulation
is presented for berth planning of vessels but can be adjusted to other types of scheduling. The
formulation assigns a time and berthing location to each vessel considered for a given time period.
Robenek et al. (2012) provide an example of a vessel scheduling mixed-integer formulation which
has been modified and extended here. Figure 4-9 provides a sample port layout with multiple
terminals. In this case it is assumed that the list of vessels, arrival time, container volume, and
handling time is fixed and known. Further inputs are the unit-costs of handling containers by mode
of further transportation (truck or rail) at each berthing location. These vary due to different
equipment and availability of rail connections. In addition to the berthing time and location, the
total cost of berthing vessels, the sum of delays over the time period, and the utilization at each of
the locations is recorded. The notation for the optimization problem is described below.

Figure 4-9. Layout of container port. The following sections will describe allocation of a series
of vessels to terminals (l1, l2, l3) such that berthing cost is minimized.
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Input variables to the model:
n: identifier of vessel
t: identifier of time period
p: identifier of berthing location
f: identifier of handling modes
an: Requested arrival time of vessel n
hn: handling time of vessel n
TEUnm: number of containers on vessel n of mode m
gpm: cost per container at location p for mode m
cnp = TEUnmgpm’: cost of berthing vessel n at location p
MAXp: maximum container volume handled over time horizon at location p
Decision variables:
xnp: xnp=1 if vessel n is berthed at position p, xnp=0 otherwise
tn: berthing time of vessel n
znk: znk=1 if vessel n finishes before vessel k starts, znk=0 otherwise
ynk: ynk=1 if vessel n is berthed at a lower indexed position than vessel k, ynk=0 otherwise
System outputs:
𝐶: total cost of berthing all vessels
𝑄: total delays of vessels
𝑢𝑝 : utilization of location 𝑝 over the time period
The objective is to minimize the cost of berthing all vessels subject to constraints (𝑖) − (𝑣𝑖𝑖):
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𝑇
min 𝑐𝑛𝑝
𝑥𝑛𝑝 = 𝐶
𝑛,𝑝

∑𝑃𝑝=1 𝑥𝑛𝑝 = 1
𝑡𝑘 + 𝐵(1 − 𝑧𝑛𝑘 ) ≥ 𝑡𝑛 + ℎ𝑛
𝑙𝑘 + 𝐵(1 − 𝑦𝑛𝑘 ) ≥ 𝑙𝑛 + 1
𝑧𝑛𝑘 + 𝑧𝑘𝑛 + 𝑦𝑛𝑘 + 𝑦𝑘𝑛 ≥ 1
𝑡𝑛 + ℎ𝑛 ≤ 𝑇
𝑡𝑛 ≥ 𝑎𝑛
𝑡𝑛 ≤ 𝑎𝑛 + 𝛿
𝑁
∑𝑛=1(𝑥𝑛𝑝 ∑𝑀
𝑚=1 𝑇𝐸𝑈𝑛𝑚 ) ≤ 𝑀𝐴𝑋𝑝

∀𝑛
∀𝑛, 𝑘: 𝑛 ≠ 𝑘
∀𝑛, 𝑘: 𝑛 ≠ 𝑘
∀𝑛, 𝑘: 𝑛 ≠ 𝑘
∀𝑛
∀𝑛
∀𝑛
∀𝑝

(𝑖)
(𝑖𝑖)
(𝑖𝑖𝑖)
(𝑖𝑣)
(𝑣)
(𝑣𝑖)
(𝑣𝑖𝑖)
(𝑣𝑖𝑖𝑖)

𝑀
∑𝑁
𝑛=1(𝑥𝑛𝑝 ∑𝑚=1 𝑇𝐸𝑈𝑛𝑚 ) ≥ 𝑀𝐼𝑁𝑝
′
𝑐𝑛𝑝 = 𝑇𝐸𝑈𝑛𝑚 𝑔𝑝𝑚

∀𝑝
∀𝑛, 𝑚, 𝑝

(𝑖𝑥)
(𝑥)

(4-11)

Constraint (𝑖) ensures that each vessel is scheduled. Constraints (𝑖𝑖) − (𝑖𝑣) make sure there is
no overlap between vessels, i.e. two vessels are at the same location at the same time, where 𝐵 is
a large integer. It furthermore requires there to be one time period between a vessel leaving a berth
and the next being berthed. Constraint (𝑣) requires finishing handling all vessels within the time
period. Constraints (𝑣𝑖) and (𝑣𝑖𝑖) ensure that vessels are scheduled after their arrival time and no
later than a threshold value 𝛿 after the arrival time, respectively. Constraint (viii) limits the total
number of containers handled at location p during the time period T to value MAXp. Constraint (ix)
requires at least MINp containers to be handled at location p during the period. Finally, constraint
(x) ensures that the cost of assignments is consistent with the volume as well as the per-unit cost
for each mode and terminal.
Vessel berth schedule modeling
The optimization model presented in the previous part assumes that inputs are known and does not
include any uncertainty about inputs or outputs. In reality, a number of uncertain factors cause
fluctuations in schedules. To account for uncertainty about input variables, Monte-Carlo
simulation is integrated with the optimization model. Distributions from historical data are fitted
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for the input variables: arrival times, handling times, container volume. Drawing randomly from
the input distributions, a number of iterations are run which results in output distributions for the
system cost, delays, utilizations, and vessel berthing times and locations.
In the modeling of vessel berth scheduling at the Port of Virginia, three variables are considered
stochastic for the purpose of the Monte-Carlo simulation: arrival time of each vessel, number of
containers to be handled, and the handling time.

Data
This section describes inputs for the optimization model, representing real-world operations data
from the Port of Virginia. At first, results are presented for the deterministic case, when inputs are
constant. Subsequent sections will cover the stochastic case when inputs are varied to simulate late
or early arrivals, variability in cargo volume, and handling time.
Table 4-2 describes the cost to unload a container off a vessel unto its next node of
transportation. The cost varies across three modes of transportation: truck, rail company X, and
rail company Y. As well, it varies across the three container terminals: NIT, VIG, and PMT. The
cost should not be interpreted as a life-cycle marginal cost for the entire organization as it does
ignore various costs that are distributed equally across all modes and terminals, e.g. overhead and
capital costs. Rather, it reflects the different operational costs between modes and terminals which
are realistic when making comparisons between scenarios and operations strategies.
Table 4-3 shows the number of berths and weekly capacity at each terminal. The capacity is
set to account for operational constraints in additions to the physical availability of berth space.
These include landside operations which share resources with seaside operations, such as labor
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and equipment requirements to load from stacks to trucks and trains, routine maintenance, and
others.
Table 4-4 describes inputs related to each vessel service: estimated number of containers to be
handled at the port by mode, requested arrival time, and estimated handling time.
Table 4-5 provides a summary of inputs variables not covered in Table 4-2 to Table 4-4. This
includes most importantly the allowed slack time (delay) δ, which is the time period, starting at
the arrival time, which a vessel must be berthed within. Others are the number of vessels included,
number of time periods, number of berthing locations, and modes of further transportation.

Table 4-3. Cost, per container, to unload to the different modes by terminal.

NIT
VIG
PMT

Truck
Rail X Rail Y
$100
$165
$175
$75
$90
$110
$130
$155
$300

Table 4-4. Weekly capacity at each terminal, measured in containers per week.
Number of
berths
Terminal
NIT
VIG
PMT

4
2
3
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Weekly
container
capacity
20000
17500
10000

Table 4-5. Estimated number of containers by three modes, requested arrival time, and estimated
handling time by vessel for deterministic scheduling.
Vessel
ID
n1
n2
n3
n4
n5
n6
n7
n8
n9
n10
n11
n12
n13
n14
n15
n16
n17
n18
n19
n20
n21
n22
n23
n24
n25
n26
n27
n28
n29
n30
n31

Containers
to trucks
163
496
229
800
6667
152
386
868
2170
930
620
391
995
985
1180
2197
564
418
526
195
106
365
588
999
183
400
1488
700
502
205
161

Containers to
Rail X
110
0
0
0
306
40
0
0
0
0
0
64
70
0
214
650
260
180
118
15
95
0
14
22
0
600
284
300
132
0
0

Containers to
Rail Y
0
291
134
125
27
0
13
509
1274
546
364
400
158
400
261
1350
76
17
6
0
3
324
282
478
3
50
187
0
0
208
30
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Requested
arrival time
33
4
12
16
33
34
39
21
3
28
9
42
36
30
9
30
30
22
23
39
39
42
21
23
26
27
15
35
31
3
40

Estimated
handling time
3
4
3
4
4
2
3
5
5
6
12
5
10
5
4
4
4
3
3
2
2
4
4
6
2
4
7
4
3
3
2

Table 4-6. Various input variables for berth scheduling optimization.
Symbol Input variable
δ
Allowed delay
n

Number of vessels

t

Number of time
periods

p

Number of berthing
locations
Number of inland
transportation modes

f

Description Details
𝛿 = 12 hr A vessel must be berthed within 12 hours of
arrival
31 vessels are included, each arriving once
𝑛 = 31
per week
Each time period is 4 hours and extends from
𝑡 = 48
Sunday to the following Sunday to account
for continuity
4 berths at NIT, 2 berths at VIG, and 3 berths
𝑝=9
at PMT
Containers can be moved onto trucks, or
𝑓=3
transported by either of two rail companies
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The arrival times are modeled with a stepwise linear function, fitted on arrival data from January
2015 until May 2017. Figure 4-10 illustrates the distribution. There are a total of 1514 vessel calls
taken into consideration.
The number of containers is modeled using a truncated normal distribution for each vessel.
The mean of the distribution is an estimate provided by port operators and reflects current requests
from the shipping lines. The variance is calculated from historical data, from January 2015 to May
2017. In order to account for differences between the means of the historical data and the estimated
mean, the variances are scaled accordingly. A normal distribution can return values from negative
infinity to infinity. However, container numbers cannot be negative and are bound from above by
the capacity of the vessel and therefore the distributions are truncated to ±30% of the mean.
In the deterministic optimization, handling time was estimated by operators. In this part
however, handling times are modeled as a function of the number of containers being handed.
Figure 4-11 illustrates the relationship between the number of containers and the handling time,
based on the 1514 vessel calls between January 2015 and May 2017. The residuals are shown in
Figure 4-12. The residuals have an approximately zero mean and close to constant variance and
thus a linear fit is justified. The functional relationship is described by the equation
ℎ𝑛 = (0.0099 ∑ 𝑇𝐸𝑈𝑚𝑛 + 5.34 + 𝑁(0, 3.21))/4
𝑚

Where 𝑁(0, 3.21) is a normal random variable with a 0 mean and variance of 3.21.
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Figure 4-10. Distribution of variations in vessel arrival times, compared to their scheduled
arrival.
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Handling time
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Figure 4-11. Functional relationship between the container volume on a vessel and the handling
time.
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Figure 4-12. Residuals from linear fit of handling time as a function of the number of containers
handled.
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Results
Table 4-6 shows the deterministic optimization berth schedule. An important result is that one of
the terminals, PMT, us unused in this solution. The terminal is the oldest of the three container
terminals at Port of Virginia and has the highest cost of operations. In later sections, it will be
demonstrated how the terminal is a necessary asset which is utilized when the port is in disrupted
states of capacity at other terminals, or when demand for container handling is higher. VIG has the
highest utilization of the terminals, which is not unexpected since it has the lowest cost for all three
modes. Table 4-7 summarizes system performance for the optimal solution. Performance measures
included are total cost, cost per container, system delays, and utilization at each terminal,
respectively. The average cost per container of $101 is lower than any mode cost at NIT or PMT,
underscoring the importance of VIG, with its automated crane system, to overall system cost. The
total system delay of 152 hours comes to an average of 5 hours per vessel. Since a 12 hour delay
is allowed by the constraints of the optimization, less than half of the permitted delay time is
utilized in the optimal solution.
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Table 4-7. Berth schedule as the result of deterministic optimization. The time period is 8 days,
one week with an additional day to account for continuity.
NIT
Sunday
4:00
8:00
12:00
16:00
20:00
Monday
4:00
8:00
12:00
16:00
20:00
Tuesday
4:00
8:00
12:00
16:00
20:00
Wednesday
4:00
8:00
12:00
16:00
20:00
Thursday
4:00
8:00
12:00
16:00
20:00
Friday
4:00
8:00
12:00
16:00
20:00
Saturday
4:00
8:00
12:00
16:00

VIG
n9
n9
n9
n9
n9

n2
n2
n2
n2
n15
n15
n15
n15

n3
n3
n3

n4
n4
n4
n4

n23
n24 n23
n24 n23
n24 n23
n25
n19 n24
n25
n19 n24
n10 n19 n24
n10
n17
n10
n16
n17
n10
n16
n17
n10
n16 n14
n17
n10
n16 n14
n14
n1
n14
n6 n1 n5 n14
n6 n1 n5
n5
n20 n5 n13
n20
n13
n13
n8
n8
n8
n8
n8

n18
n18
n18

n11
n11
n11
n11
n11
n11
n11
n11
n11
n11
n11
n11
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PMT

20:00
Sunday
4:00
8:00
12:00
16:00
20:00

n7
n7
n7
n12
n12
n12
n12

n21 n13
n21 n13
n13
n22 n13
n22 n13
n22 n13
n22 n13

Table 4-8. System performance for deterministic optimal solution.
Performance measure
System cost
Cost per container
System delays
NIT utilization
VIG utilization
PMT utilization
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Value
$3,204,735
$101
152 hr.
26%
62%
0%

When input variables are treated as stochastic, the resulting berth schedule and performance
measures will be described in terms of probability distributions rather than deterministic values. It
is thus no longer possible to identify one optimal solution, rather a solution is developed for each
random instance of inputs.
Here, the simulation is run for 2000 iterations, each time generating a random combination of
arrival times, number of containers, handling times for the 31 vessels. Table 4-8 shows the
distribution of berth allocations for each vessel. Note, that since arrival times vary, the
representation from Table 4-6 is no longer possible. Instead, the table shows the proportion of
iterations where a vessel was allocated to a particular terminal. Out of the 31 vessels, 15 are
consistently placed at a terminal in over 90% of instances. For example, 𝑛25 is optimally placed
at NIT for 98% of the 2000 iterations. When a berth schedule is made, these vessels can be
allocated to their respective terminal with confidence. The remaining 16 vessels are less robust in
their allocations and need further attention. For instance, 𝑛1 is placed at NIT 41% of iterations,
58% at VIG, and 1% at PMT. That means that there exist combinations of possible input variables
where the berth schedule that minimizes cost has vessel 𝑛1 at each of the three terminals. Rarely,
the solution places the vessel at PMT, but the distribution among NIT and VIG does not give a
strong indication for where it should be placed for optimal operations.
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Table 4-9. Vessel allocation to terminals for stochastic inputs. The most common terminal for
each vessel is bolded. The result of the deterministic scheduling is included for reference.

n1
n2
n3
n4
n5
n6
n7
n8
n9
n10
n11
n12
n13
n14
n15
n16
n17
n18
n19
n20
n21
n22
n23
n24
n25
n26
n27
n28
n29
n30
n31

NIT
VIG
PMT
41%
1%
58%
22%
0%
78%
47%
0%
53%
0%
0%
100%
28%
0%
72%
13%
0%
86%
0%
0%
100%
0%
0%
100%
15%
0%
85%
7%
0%
93%
0% 100%
0%
36%
0%
64%
7%
0%
93%
42%
0%
58%
21%
0%
79%
2%
0%
98%
18%
0%
82%
30%
0%
70%
4%
0%
96%
3%
0%
97%
29%
0%
71%
12%
0%
88%
41%
0%
59%
35%
0%
65%
2%
0%
98%
0% 100%
0%
5%
0%
95%
48%
0%
52%
1%
0%
99%
4%
0%
96%
7%
0%
93%
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Deterministic
allocation
NIT
VIG
NIT
NIT
VIG
NIT
NIT
NIT
NIT
NIT
VIG
NIT
VIG
VIG
VIG
VIG
NIT
NIT
NIT
NIT
VIG
VIG
VIG
VIG
NIT
VIG
NIT
NIT
NIT
VIG
NIT

Figure 4-13 to Figure 4-18 show histograms of system performance measures. Table 4-9 to
Table 4-14 show summary statistics for the same measures: mean, minimum, and maximum. For
system cost (Figure 4-13 and Table 4-9), the values range between $2.77 million and $3.63 million
with a mean of $3.20 million, which mean the minimum and maximum swing approximately 13%
from the mean. When comparing this to the cost per container (Figure 4-14 and Table 4-10), the
swing from the mean there is smaller, about 3% from the mean of $101 per container to a $98
minimum and $104 maximum. The larger swing in the total system cost is explained by the
variations in the number of containers handled, which is one of the stochastic variables.
System delay is illustrated in Figure 4-15 and Table 4-11. The range of values is between 80
hours and 248 hours with a mean of 160 hours. This large gap can be partially explained by no
penalty being placed on longer delays, except the 12 hour constraint for each vessel. This means
that there is no preference given to solutions that have shorter delays. In future work, this should
be a topic of importance.
Berth utilization varies significantly be terminal. The mean goes from over 80% at VIG (Figure
4-17 and Table 4-13) to 40% at NIT (Figure 4-16 and Table 4-12) to almost 0% at PMT (Figure
4-18 and Table 4-14). NIT and VIG both have close to symmetrical histograms. At PMT, on the
other hand, most iteration have a utilization under 1% which mean no or one vessel scheduled at
the terminal.
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Figure 4-13. System cost distribution for berth scheduling.

Table 4-10. Summary statistics for system cost for berth scheduling.
System cost
Mean

$3.20 million

Minimum

$2.77 million

Maximum

$3.63 million
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Figure 4-14. Cost per container for berth scheduling.

Table 4-11. Summary statistics for cost per container for berth scheduling.
Cost per container
Mean

$101

Minimum

$98

Maximum

$104
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Figure 4-15. System delays for berth scheduling.

Table 4-12. System delay for berth scheduling.
System delays
Mean

160 hours

Minimum

80 hours

Maximum

248 hours
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Figure 4-16. Berth utilization at NIT.

Table 4-13. Summary statistics on berth utilization at NIT.
NIT berth utilization
Mean

40%

Minimum

26%

Maximum

51%
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Figure 4-17. Berth utilization at VIG.

Table 4-14. Summary statistics on berth utilization at VIG.
VIG berth utilization
Mean

82%

Minimum

67%

Maximum

100%
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Figure 4-18. Berth utilization at PMT.

Table 4-15. Summary statistics on berth utilization at PMT.
PMT berth utilization
Mean

0.8%

Minimum

0%

Maximum

15%
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The results presented in this section will serve as a baseline for the remainder of the analysis.
In the next section, disruptions to the schedule are introduced. This includes limiting terminal
capacity and changing the overall system demand (that is number of containers across all vessels).
Until now, stochastic variables have been kept within what can be considered normal operating
conditions, that is, fluctuations that are not traced to any specific irregular conditions.

Summary
This chapter demonstrates a system analysis for maritime container port operations, with a focus
on vessel berth scheduling and applications at the Port of Virginia in Norfolk, VA, USA. It
discusses stakeholders, scheduling processes, data availability and needs, and associated
uncertainties. It formulates an approach for vessel berth scheduling, assigning a location and time
to incoming vessels, taking into account stochasticity in input variables. The approach combines
mixed-integer linear programming, Monte Carlo simulation and statistical analysis. Results are
presented for an as-planned scenario which will be used as a baseline for the following chapters
when alternative scenarios are considered.
This chapter has in part been published as:
Thorisson, H., M. Alsultan, D. Hendrickson, T.L. Polmateer, J.H. Lambert. 2019. Addressing
schedule disruptions in business processes of advanced logistics systems. Systems
Engineering. 22(1):66-79.
Thorisson, H., C.A. Pennetti, D.J. Andrews, D. Hendrickson, T.L. Polmateer, J.H. Lambert. 2019.
Systems Modeling and Optimization of Container Ship Berthing with Various Enterprise
Risks. To appear in Proceedings of the 2019 IEEE Systems Conference. Orlando, FL, USA.
8pp.
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Chapter 5

Demonstration: Disruptions from operational
conditions
Overview
This demonstration exercises a schedule of vessel arrivals at a maritime container port with
operations disruptions including capacity constraints during construction, varying cargo volumes,
and others (Thorisson et al. 2019a). Table 5-1 summarizes the overview.
Table 5-1. Overview of Chapter 5, demonstrating operational disruptions to vessel berth
scheduling.
Chapter objective

Quantify sensitivity of vessel berth scheduling to disruptions of
operations factors

Motivation

External and internal operational factors often arise and schedules need
to be robust

Approach and data

36 disruptions of different combinations of terminal capacity constraints
and volume adjustments

Contributions

Demonstration of methodology of vessel berth scheduling
Demonstration of disruption coefficient quantification
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Background
Schedules need to be resilient, not only to small, frequent variations, but also to larger longer-term
evolutions or sudden shocks. In the context of port operations, these larger disruptions can affect
several of the components in the optimization model: arrival and handling times, the number of
containers handled terminal capacity, the number of available berths, and others. Scenario analysis
(Godet, 2000) can be useful to envision the various emergent and future conditions that can affect
operations schedules. In the demonstration, a number of scenarios are created and evaluated. Each
scenario has a unique combination of selected key model components. The schedule outputs from
the different scenarios are then compared and contrasted.
Kullback-Leibler divergence was first introduced as a measure of directed divergence or
similarity between two random variables (Kullback & Leibler, 1951). An important measure in
information theory, it can be interpreted as the information gained by using one probability
distribution instead of another (Alaa & Schaar, 2018; Sankaran, Sunoj, & Nair, 2016). Examples
of recent use in engineering systems modeling is to estimate how much information is gained by
additional parameters for seismic intensity measures (Dhulipala, Rodriguez-Marek, & Flint, 2018)
and the optimization of experimental design (Walsh, Wildey, & Jakeman, 2018). In this chapter is
used to quantify the departure of a disrupted schedule assignment from a baseline assignment.

Technical approach
The scheduling approach described in Chapter 4 is modified to simulate the effects of various
operational disruptions. The disruptions analyzed in this chapter are combinations of various
terminal capacities and container numbers handled (demand for service). In the optimization
model, the terminal capacities are modeled are the parameter 𝑀𝐴𝑋𝑝 in the constraint (𝑣𝑖𝑖𝑖):
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𝑀
∑𝑁
𝑛=1(𝑥𝑛𝑝 ∑𝑚=1 𝑇𝐸𝑈𝑛𝑚 ) ≤ 𝑀𝐴𝑋𝑝

(5-1)

Changing this parameter allow more/less containers to be handled at a particular terminal
during the optimization time frame.
𝑇
Changing the container volume handled is modeled through the cost vector, 𝑐𝑛𝑝
, in the

objective function of the optimization model:
𝑇
min 𝑐𝑛𝑝
𝑥𝑛𝑝
𝑛,𝑝

(5-2)

The cost vector is in turn the product of the containers to be handled by each of the three modes
and the unit cost of unloading a container by mode by terminal:
𝑐𝑛𝑝 = 𝑇𝐸𝑈𝑛𝑚 × 𝑔𝑝𝑚 ′

(5-3)

In this part of the demonstration, the total volumes are modified to simulate more containers
on each vessel but the same number of vessels. This is done by adding a multiplier, 𝛼 > 0, so the
cost vector is:
𝑐𝑛𝑝 = 𝛼𝑇𝐸𝑈𝑛𝑚 × 𝑔𝑝𝑚 ′

(5-4)

As described in the data section, disruptions with different terminal capacities and volume
multipliers are generated and Monte Carlo simulation varying arrival times, handling times, and
container volumes by vessel is run. As in the previous chapter, system cost, cost per container,
system delays, and terminal berth utilization is observed for each disruption. Disruption measures,
described in Chapter 3, quantify the disruption to each performance measure in the disruptions.
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Kullback-Leibler divergence or information gain (Joyce, 2011; Kullback & Leibler, 1951;
Sankaran et al., 2016) moving from a prior distribution 𝑔(𝑥) to a posterior 𝑓(𝑥) is defined for
continuous random variables as:
∞

𝑓(𝑥)

𝐷𝐾𝐿 (𝑓, 𝑔) = ∫−∞ 𝑓(𝑥)ln (𝑔(𝑥)) 𝑑𝑥

(6-3)

For discrete random variables defined over set 𝒳, the definition is:
𝑓(𝑥)

𝐷𝐾𝐿 (𝑓, 𝑔) = ∑𝑥∈𝒳 𝑓(𝑥)𝑙𝑛 (𝑔(𝑥))

(6-4)

Kullback-Leibler divergence is not a proper metric, but it satisfies the properties of
nonnegativity and identity of indiscernibles:
𝐷𝐾𝐿 (𝑓, 𝑔) ≥ 0
𝐷𝐾𝐿 (𝑓, 𝑔) = 0 ⇔ 𝑓 = 𝑔
The metric will be used in this chapter to quantify the departure of the schedule assignments,
𝑓(𝑥) of vessels from a baseline case, 𝑔(𝑥).

Data
Ports, similar to other industries, operate in an environment constantly evolving. There is
seasonality in imports and exports, facilities have to be updated on a regular basis, and other
conditions in the supply chain, upstream and downstream from the port, that can disrupt terminal
operations. In this section, three variables are selected for a sensitivity analysis: overall container
volume (number of containers on all vessels), NIT capacity, and VIG capacity. Table 5-1 describes
the disruptions selected for analysis. They consist of combinations of the three variables. For two
variables, VIG capacity and total container volume, three values are included: an expected value,
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a low, and a high estimate. For NIT capacity, four values are included: an expected value, two
different low values, and a high value. The values are not considered to have one specific cause,
but rather can be the result of multiple different causes. For example, construction might limit
terminal capacity by clocking of parts of the facilities or taking up resources; the same capacity
limitation might be the result of a natural disaster that temporarily cause resources to be out of
service. Specific disruption can then be derived be a particular combination of the variables.
Conversely, a highly disruptive combination that has not been considered by operators before
might lead to new discussions and knowledge discovery.
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Table 5-2. Model parameter for 36 disruptions of vessel berth scheduling. Note there is no
Disruption 19 as this would be identical to case 0.
Disruption NIT capacity VIG capacity Total volume multiplier
0
20000
17500
1
1
10000
10000
0.75
2
15000
10000
0.75
3
20000
10000
0.75
4
25000
10000
0.75
5
10000
17500
0.75
6
15000
17500
0.75
7
20000
17500
0.75
8
25000
17500
0.75
9
10000
22500
0.75
10
15000
22500
0.75
11
20000
22500
0.75
12
25000
22500
0.75
13
10000
10000
1
14
15000
10000
1
15
20000
10000
1
16
25000
10000
1
17
10000
17500
1
18
15000
17500
1
20
25000
17500
1
21
10000
22500
1
22
15000
22500
1
23
20000
22500
1
24
25000
22500
1
25
10000
10000
1.25
26
15000
10000
1.25
27
20000
10000
1.25
28
25000
10000
1.25
29
10000
17500
1.25
30
15000
17500
1.25
31
20000
17500
1.25
32
25000
17500
1.25
33
10000
22500
1.25
34
15000
22500
1.25
35
20000
22500
1.25
36
25000
22500
1.25
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Results
As a motivating example, disruption 17 (s17) is studied in further detail. Figure 5-1 to Figure 5-6
illustrate empirical probability distributions of performance measures for two scenarios, the
baseline or business-as-usual scenario (s0) and the disruption where NIT capacity is lowered from
20,000 to 10,000 containers per week while VIG capacity and total container volume are at
baseline levels (s17). Table 5-2 summarizes the disruption coefficients from the six performance
measures.
The system cost is illustrated in Figure 5-1. For s17, the mean of the distribution in higher than
for s0. The two distributions have a similar shape, yet for s17 the peak of the distribution is lower.
About 24% of the area under each curve is not shared with the other. The cost per container (Figure
5-2) is disrupted more by the limited NIT capacity and 75% of the area under the curve is not
shared among the two scenarios. The disrupted curve is wider and has a lower peak than the
baseline. The mean is shifted from $101 to $104.
The system delay distributions (Figure 5-3) are more similar between the baseline and the
disrupted scenario. There is a 5% disruption, based on the lack of overlap. The shape and height
of the distributions is not significantly changed.
The terminal utilizations are the most heavily disrupted performance measures, especially for
NIT and PMT. The disruption of area under the curve for NIT (Figure 5-4) is 98% and the mean
goes down from 40% to about 27%. The disrupted distribution is also narrower and taller. VIG
(Figure 5-5) is less disrupted than the other two terminals, or 25%. It is shifted slightly to the left,
meaning a lower mean. PMT (Figure 5-6) which close to unutilized in the baseline scenario is 99%
disrupted, with the mean going up to about 30%.
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Figure 5-1. Disrupted system cost distribution when NIT capacity is lowered from 20,000 to
10,000 containers per week. The disruption coefficient is D=0.24.
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Figure 5-2. Disrupted cost per container distribution when NIT capacity is lowered from 20,000
to 10,000 containers per week. The disruption coefficient is D=0.75.
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Figure 5-3.Disrupted system delays distribution when NIT capacity is lowered from 20,000 to
10,000 containers per week. The disruption coefficient is D=0.05.
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Figure 5-4. Disrupted NIT utilization distribution when NIT capacity is lowered from 20,000 to
10,000 containers per week. The disruption coefficient is D=0.98.
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Figure 5-5. Disrupted VIG utilization distribution when NIT capacity is lowered from 20,000 to
10,000 containers per week. The disruption coefficient is D=0.25.
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Figure 5-6. Disrupted PMT utilization distribution when NIT capacity is lowered from 20,000 to
10,000 containers per week. The disruption coefficient is D=0.99.
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Table 5-3. Disruption coefficients of performance measures for s17, when NIT capacity is
lowered from 20,000 to 10,000 containers per week.
Performance measure Disruption coefficient
System cost

0.24

Cost per container

0.75

System delays

0.05

NIT utilization

0.98

VIG utilization

0.25

PMT utilization

0.99
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Table 5-3 to Table 5-8 show the disruption coefficients for the six performance measures, for
each of the 36 disruptions. The disruption coefficient for the system cost (Table 5-3) is highly
correlated with cargo volume, as all disruptions with ±25% of container numbers have a
disruption coefficient of 0.95 or greater. For the disruptions with 25% reduction in volume, the
disruption coefficient is less than one when VIG capacity is low (10,000 containers per week).
Symmetrically, when volume is increased by 25%, the disruption coefficient is less than one for
high VIG capacity (22,500 containers per week). For the disruptions when volume is at baseline
level, VIG capacity is more influential to the disruption coefficient than NIT capacity.
Table 5-4 shows the disruption coefficients for the cost per container. The disruption
coefficient is 1 for all disruptions where the volume is 25% reduced and when VIG capacity is
10,000 containers per week. When volume is increased by 25%, increasing the capacity of VIG to
22,500 containers per week reduces the disruption from 1 or 0.99 to 0.31 or less when NIT capacity
is at least 15,000 or 0.85 when NIT capacity is 10,000. Increasing NIT capacity to 25,000 does not
have the same effect with VIG capacity at 17,500 or 10,000. This indicates that if there is an
expected long-term increase in container numbers, priority should be given to expansion of VIG
rather than other terminals.
The system delay disruption coefficients, displayed in Table 5-5, are mostly smaller than the
ones for system cost and cost per container. The most influential factor is VIG capacity at 22,500.
In those disruptions, the disruption reaches 0.31 for reduced volume. The disruption is less
pronounced when the volume is increased.
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Table 5-4. System cost disruption coefficients for 36 disruptions of terminal capacity and total
container volume. Disruption coefficients marked * are not significant at a 0.05 confidence level.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

0.95

0.99

0.99

0.99

0.75

17500

1.00

1.00

1.00

1.00

0.75

22500

1.00

1.00

1.00

1.00

1

10000

0.94

0.82

0.67

0.66

1

17500

0.24

0.03*

0.00*

0.04*

1

22500

0.37

0.38

0.41

0.39

1.25

10000

1.00

1.00

1.00

1.00

1.25

17500

1.00

1.00

1.00

1.00

1.25

22500

0.99

0.98

0.98

0.99
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Table 5-5. Cost per container disruption coefficients for 36 disruptions of terminal capacity and
total container volume. Disruption coefficients marked * are not significant at a 0.05 confidence
level.
Total vol. multiplier VIG capacity NIT capacity
10000 15000 20000 25000
0.75

10000

1.00

1.00

1.00

1.00

0.75

17500

1.00

1.00

1.00

1.00

0.75

22500

1.00

1.00

1.00

1.00

1

10000

1.00

1.00

1.00

1.00

1

17500

0.75

0.07

0.00*

0.04*

1

22500

0.93

0.96

0.97

0.96

1.25

10000

1.00

1.00

1.00

1.00

1.25

17500

1.00

1.00

0.99

0.99

1.25

22500

0.85

0.31

0.18

0.21
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Table 5-6. System delay disruption coefficients for 36 disruptions of terminal capacity and total
container volume. Disruption coefficients marked * are not significant at a 0.05 confidence level.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

0.16

0.05*

0.12

0.14

0.75

17500

0.17

0.18

0.17

0.16

0.75

22500

0.30

0.31

0.31

0.29

1

10000

0.04*

0.10

0.06

0.04*

1

17500

0.05*

0.03*

0.00*

0.04*

1

22500

0.25

0.23

0.22

0.24

1.25

10000

0.20

0.07

0.08*

0.07

1.25

17500

0.05

0.07

0.04*

0.10

1.25

22500

0.13

0.13

0.12

0.11
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Disruption coefficients for NIT utilization are illustrated in Table 5-6. The greatest values of
the coefficient are when the capacity of NIT is limited to 10,000 containers per week. The second
high disruption factor is when volume is reduced by 25% and VIG capacity is 17,500 or 22,500.
Surprisingly, when volume is reduced, VIG capacity is 10,000 and NIT capacity is at least 15,000,
the disruption coefficient is low (~0.1). An explanation for this is that in these disruptions, the
lower VIG capacity is countered by the lower number of containers. NIT utilization is therefore
not as disrupted. A similar effect, but lesser, can be observed when volume is increased by 25%
and VIG capacity is at 22,500.
Similarly to NIT, utilization at VIG has the highest disruption coefficients when VIG capacity
is at 10,000 containers per week. Table 5-7 demonstrates the disruption coefficients across
disruptions. Looking at the relationship between NIT capacity and VIG utilization disruption, there
is not a similar correlation as was found between VIG capacity and NIT utilization disruption.
PMT utilization disruption is illustrated in Table 5-8. An interesting pattern in the disruption
coefficients is seen when segmenting the table by total volume and looking at the top left corners.
First, when volume is reduced by 25%, the combination of 10,000 weekly capacity at both NIT
and VIG results in a disruption coefficient of 1 for PMT utilization. Second, when volume is at
base level, the combinations resulting in a PMT disruption of 1 are 10,000 at NIT and VIG, 10.000
at NIT and 17,500 at VIG, and 15,000 at NIT and 10,000 at VIG. In other words, these are the
disruptions is the upper left corner of the section of the table with base volume. Third, when
volume is increased by 25%, the combinations resulting in a disruption coefficient of 1 are in the
top left corner but with another diagonal added. Combined, these observations indicate at
correlation between disruption coefficient for PMT utilization and the combined capacity of NIT
and VIG relative to total volume.
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Table 5-7. NIT utilization disruption coefficients for 36 disruptions of terminal capacity and total
container volume. Disruption coefficients marked * are not significant at a 0.05 confidence level.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

0.93

0.12

0.11

0.12

0.75

17500

0.98

0.98

0.98

0.98

0.75

22500

0.98

0.99

0.99

0.99

1

10000

0.99

0.42

0.91

0.97

1

17500

0.98

0.09

0.00*

0.04*

1

22500

0.87

0.75

0.76

0.75

1.25

10000

1.00

0.77

0.59

0.99

1.25

17500

0.99

0.54

0.82

0.95

1.25

22500

0.99

0.26

0.46

0.48
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Table 5-8. VIG utilization disruption coefficients for 36 disruptions of terminal capacity and total
container volume. Disruption coefficients marked * are not significant at a 0.05 confidence level.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

1.00

0.99

0.99

0.99

0.75

17500

0.55

0.57

0.56

0.55

0.75

22500

0.71

0.74

0.70

0.72

1

10000

1.00

1.00

1.00

1.00

1

17500

0.25

0.03*

0.00*

0.04*

1

22500

0.88

0.87

0.88

0.88

1.25

10000

1.00

1.00

1.00

1.00

1.25

17500

0.75

0.71

0.52

0.33

1.25

22500

0.78

0.83

0.87

0.87

103

Table 5-9. PMT utilization disruption coefficients for 36 disruptions of terminal capacity and
total container volume. Disruption coefficients marked * are not significant at a 0.05 confidence
level.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

1.00

0.02

0.90*

0.47*

0.75

17500

0.46*

0.55*

0.15*

0.45*

0.75

22500

0.14*

0.44*

0.15*

0.45*

1

10000

1.00

1.00

0.73

0.08*

1

17500

0.99

0.29

0.00*

0.03*

1

22500

0.36

0.01*

0.17*

0.01*

1.25

10000

1.00

1.00

1.00

0.97

1.25

17500

1.00

1.00

0.75

0.08*

1.25

22500

1.00

0.78

0.09*

0.15*

104

The previous results have focused on the schedule performance, such as cost, delays, and berth
utilization. Table 5-10 shows the Kullback-Leibler divergence from the baseline of schedule
assignments in the 36 scenarios. The measure is normalized such that the highest disruption is set
equal to 1. This quantifies how much the assignments change, e.g. the shift of probabilities of
assigning a particular vessel to a particular terminal. The first section of the table, when the volume
multiplier is 0.75, has relatively low disruptions. The most disrupted assignments in this section is
when both NIT and VIG capacities are lowered to 10,000 containers per week. In the middle
section, when the volume is at its baseline level, the combined capacity of VIG and NIT has the
highest impact on assignment disruptions. In combinations where the combined capacity of the
two terminals is lowered by more than 5,000 containers per week, there is a high disruption of
assignments. Conversely, when the combined capacity is higher than in the baseline, the
disruptions of assignments are less impactful. In the last section, when volume is multiplied by
1.25, the results are similar but more the disruptions are greater when combined NIT and VIG
capacity is lowered.
The results of the disruption of schedule assignments are consistent with what could be
expected. A lower capacity at the cheaper terminals, VIG and NIT, moves more vessels towards
PMT which has a very low baseline utilization. Similarly, adding capacity at VIG and NIT
reinforces their utilization.
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Table 5-10. Schedule assignment disruption, quantified using Kullback-Leibler divergence.
Total vol. multiplier VIG capacity

NIT capacity
10000 15000 20000 25000

0.75

10000

0.75

0.06

0.06

0.06

0.75

17500

0.11

0.11

0.12

0.10

0.75

22500

0.10

0.30

0.30

0.30

1

10000

0.98

0.91

0.33

0.12

1

17500

0.64

0.02

0.00

0.00

1

22500

0.20

0.15

0.15

0.15

1.25

10000

1.00

1.00

0.97

0.64

1.25

17500

0.95

0.81

0.26

0.03

1.25

22500

0.82

0.28

0.01

0.01
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Summary
This chapter analyzed disruptions of vessel berth scheduling when the system is exposed to various
combinations of capacity constraints at the terminals and container volumes (changes in demand).
The results demonstrate that the system cost and cost per container are highly disrupted when total
volume at the port changes. Increasing the capacity at the VIG terminal has the greatest potential
to mitigate disruptions in cost. In terms of capacity constraints, the system is most sensitive to
changes in VIG capacity. The third terminal, PMT, has low utilization in the baseline case but
becomes important during capacity disruptions at the other two terminals.
This chapter has been published in part as:
Thorisson, H., M. Alsultan, D. Hendrickson, T.L. Polmateer, J.H. Lambert. 2019. Addressing
schedule disruptions in business processes of advanced logistics systems. Systems
Engineering. 22(1):66-79.

107

Chapter 6

Demonstration: Disruptions from multiple
perspectives
Overview
The previous chapters scheduled vessels by minimizing cost. This chapter considers different
objectives, acknowledging the multiple stakeholders of container shipping. The schedule
disruptions between various perspectives are evaluated, identifying potential conflicts when
schedules are negotiated. Table 6-1 gives an overview of the chapter.
Table 6-1. Overview of Chapter 6, demonstration of multiple perspectives disruptions to vessel
berth scheduling.
Chapter objective

Analysis of schedules with different objectives

Motivation

Multiple system stakeholders have different goals that must be balanced
in practical situations

Approach and data

Formulate schedules with differing penalties for late berthing of vessels
in addition to operational cost

Contributions

Identifying tradeoffs between operational cost, delays, and scheduling
information gain
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Background
Systems typically have multiple stakeholders and schedules need to balance or at least consider
their different priorities in order to operate successfully (Thorisson & Lambert, 2017).
Furthermore, priorities can evolve over time and created a need to update schedules and other
operations (Thorisson et al. 2017; Whyte et al. 2015). It is therefore necessary that systems
engineering includes tools and methods to capture this property. Multiobjective optimization
(Chankong & Haimes, 1983) finds non-dominated (Pareto optimal) solutions to optimization
problems with multiple objectives. Other approaches combine different objectives by expressing
them in a common measure (Xu et al., 2012).
It has been estimated that it costs ocean carriers up to $10,000 per hour a vessel is delayed at
a port. It is thus paramount for carriers that delays are minimized. The cost model used in previous
chapters is developed for the port operator and takes into account the costs of labor, equipment,
capital, overhead, etc. it takes to operate the container port. By including a penalty for late berthing
in the optimization objective, the combined operational cost of the port operator and the cost
incurred by ocean carriers from delayed schedules is minimized. Comparing the results from
several different penalty values can aid in negotiations about what guarantee port operators can
give about schedules, or what penalties could be put in place to encourage timely berthing.
In addition to cost of berthing and cost of delaying schedule, a third objective is considered.
When vessels are stochastically assigned to terminals, the assignment probabilities give different
levels of information about what an optimal placement might be. In other words, assignments can
have different levels of stability or robustness to the stochastic conditions that are considered.
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Before conducting the optimization and simulation, a vessel can be considered to be equally likely
to be each of the three terminals in an optimal solution. After doing the analysis, there might be a
higher probability of a particular placement and a lower probability of another. If the probability
of a vessel to terminal placement is 1, there is no uncertainty about where the vessels is assigned
in an optimal solution, given conditions. This gives rise to quantifying the information gained
about the assignments from performing the analysis.
Kullback-Leibler divergence was first introduced as a measure of directed divergence or
similarity between two random variables (Kullback & Leibler, 1951). An important measure in
information theory, it can be interpreted as the information gained by using one probability
distribution instead of another (Alaa & Schaar, 2018; Sankaran, Sunoj, & Nair, 2016). Examples
of recent use in engineering systems modeling is to estimate how much information is gained by
additional parameters for seismic intensity measures (Dhulipala, Rodriguez-Marek, & Flint, 2018)
and the optimization of experimental design (Walsh, Wildey, & Jakeman, 2018).
In vessel scheduling, information gain is measured by moving from an assignment distribution
where all assignments are equally likely to an updated one. The mathematics are discussed in the
Technical approach section below.

Technical approach
Different perspectives are modeled by changing the objective function of the optimization.
𝑇
min 𝑐𝑛𝑝
𝑥𝑛𝑝 + 𝑑(𝑡𝑛 − 𝑎𝑛 )
𝑛,𝑝

(6-1)

Where 𝑑 is a penalty for berthing a vessel a time period after its arrival. As before 𝑐𝑛𝑝 is the
cost of berthing vessel 𝑛 at terminal 𝑝, 𝑎𝑛 is the time of arrival and the decision variables are 𝑥𝑛𝑝
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and 𝑡𝑛 , designating vessel 𝑛 is berthed at terminal 𝑝 and vessel 𝑛is berthed at time 𝑡𝑛 . In other
words, the total cost is both the handling cost, which varies by mode and terminal, and a late
berthing penalty. In the baseline case (Chapter 4) and when evaluating operations disruptions
(Chapter 5) the penalty for late berthing was zero.
In the original optimization formulation, the constraint (𝑣𝑖𝑖𝑖) requiring a vessel to be berthed
within time 𝛿 from arrival:
(6-2)

𝑡𝑛 ≤ 𝑎𝑛 + 𝛿

When a penalty is added for late berthing, it may be appropriate to remove this constraint or
adjust its parameter.
Kullback-Leibler divergence or information gain (Joyce, 2011; Kullback & Leibler, 1951;
Sankaran et al., 2016) moving from a prior distribution 𝑔(𝑥) to a posterior 𝑓(𝑥) is defined for
continuous random variables as:
∞

𝑓(𝑥)

𝐷𝐾𝐿 (𝑓, 𝑔) = ∫−∞ 𝑓(𝑥)ln (𝑔(𝑥)) 𝑑𝑥

(6-3)

For discrete random variables defined over set 𝒳, the definition is:
𝑓(𝑥)

𝐷𝐾𝐿 (𝑓, 𝑔) = ∑𝑥∈𝒳 𝑓(𝑥)𝑙𝑛 (𝑔(𝑥))

(6-4)

Kullback-Leibler divergence is not a proper metric, but it satisfies the properties of
nonnegativity and identity of indiscernibles:
𝐷𝐾𝐿 (𝑓, 𝑔) ≥ 0
𝐷𝐾𝐿 (𝑓, 𝑔) = 0 ⇔ 𝑓 = 𝑔
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In the special case considered in this chapter, where the prior distribution is that vessels are
assigned to one of the three terminals with a 1/3 probability, the information gain for each vessel
is defined as
𝑥

𝑖𝑗
𝐷𝐾𝐿 = ∑𝑗∈{𝑁𝐼𝑇,𝑉𝐼𝐺,𝑃𝑀𝑇} 𝑥𝑖𝑗 log 3 (1/3
)

(6-5)

For each vessel 𝑖 with a posterior probabilities 𝑥𝑖𝑗 . Changing the base of the logarithm to 3
ensures that the information gain is 1 when 𝑥𝑖𝑗 = 1 for one terminal, 𝑗, and 𝑥𝑖𝑗 = 0 for the two
other terminals.

Data
This chapter considers six perspectives in addition to the baseline result, and disruptions between
are quantified by comparing and contrasting performance measures. The perspectives are
summarized in Table 6-1.

Results
This section describes the scheduling results for multiple perspectives. First, there is a detailed
exploration of the perspective, 𝑠𝑖𝑛𝑓 , where delays are minimized rather than operational cost.
Subsequently, the discussion of results of other perspectives is aggregated with a focus of the
disruption of performance measures and the tradeoffs between operational cost, system delays, and
terminal assignment information gain.
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Table 6-2. Perspectives of operations costs and delay penalties involved in the berth scheduling
of vessels at a container port.
Objective

Details

S0

Operational cost minimization (baseline)

Port operator main objective

S1

$1/hour delay penalty + operational cost

S100

$100/hour delay penalty + operational cost

S1000

$1,000/hour delay penalty + operational cost

S5000

$5,000/hour delay penalty + operational cost

S10000

$10,000/hour delay penalty + operational cost

S∞

Delay minimization

↔

Perspective ID

Ocean carrier main objective

Sinf: Minimize delays
This section describes the results of vessel berth scheduling when the objective is to minimize
delays, rather than operational cost or other objectives. This explores the question of how the port
can handle congestion when cost is not a constraint. This could also be viewed as the preferred
perspective of ocean carriers, as they are more concerned with keeping the services on schedule
than with the operations costs of the ports they call at. The results are presented in the form of
terminal assignments, and by analyzing performance measures. Table 6-2 describes the
assignments of vessels to terminals for stochastic arrival times, container numbers of handling
times. The first vessel, 𝑛1 , is required to be at PMT but other vessels can go to any terminal. There
are few vessels with consistent assignments to particular terminals, most vessels are spread
between all three terminals. This is not surprising as the cost objective is ignored and assignment
to a more expensive terminal does not factor in to the objective function.
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Table 6-3. Proportions of instances vessels are assigned to terminals when the optimization
objective is to minimize delays.

n1
n2
n3
n4
n5
n6
n7
n8
n9
n10
n11
n12
n13
n14
n15
n16
n17
n18
n19
n20
n21
n22
n23
n24
n25
n26
n27
n28
n29
n30
n31

NIT
VIG
PMT
0.00
0.00
1.00
0.19
0.25
0.55
0.23
0.31
0.47
0.22
0.29
0.49
0.22
0.28
0.50
0.26
0.31
0.43
0.22
0.34
0.43
0.26
0.33
0.41
0.28
0.34
0.38
0.27
0.38
0.35
0.15
0.28
0.57
0.41
0.30
0.29
0.26
0.33
0.42
0.48
0.29
0.23
0.54
0.21
0.24
0.52
0.24
0.24
0.52
0.23
0.25
0.64
0.19
0.18
0.64
0.20
0.16
0.62
0.18
0.20
0.67
0.18
0.16
0.65
0.21
0.14
0.62
0.19
0.19
0.66
0.17
0.16
0.75
0.13
0.11
0.61
0.18
0.20
0.70
0.18
0.12
0.69
0.16
0.15
0.84
0.08
0.08
0.86
0.07
0.07
0.85
0.07
0.07
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Figure 6-1 and Table 6-3 illustrate the system cost for the scheduling effort. The cost is
significantly higher than in the perspective when cost is minimized. The mean is 4.22 million US$,
whereas the mean for cost minimization was 3.20 million. The minimum cost is 3.47 million and
the maximum 5.23 million so there is a wide range of cost arising from minimizing delays. The
cost per container has a mean of $133 per container and further cost per container illustrations are
in Table 6-4 and Figure 6-2.
System delays are minimized in these results. As illustrated in Table 6-5 and Figure 6-3, this
objective is met to the fullest in most instances. The maximum system delay is 4 hours (one time
period) across the 31 vessels. As illustrated in the histogram, this delay occurs in less than 2% of
instances, at other times there is no delay.
Berth utilization (Table 6-6 to Table 6-8 and Figure 6-4 to Figure 6-6) is similar between the
three terminals, as the different costs are not taken into account. Each of the three terminals has a
mean utilization of 30-40% and a wide range between the minimum and maximum utilization. The
terminal that has the fewest berths, VIG, has the largest range of utilization while the terminal with
the most berths, NIT, has the smallest.
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Figure 6-1. System cost distribution for berth scheduling for perspective s∞.

Table 6-4. Summary statistics for system cost for berth scheduling for perspective s∞.
System cost
Mean

$4.22 million

Minimum

$3.47 million

Maximum

$5.23 million
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Figure 6-2. Cost per container for berth scheduling for perspective s∞.

Table 6-5. Summary statistics for cost per container for berth scheduling for perspective s∞.
Cost per container
Mean

$133

Minimum

$109

Maximum

$153
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Figure 6-3. System delays for berth scheduling for perspective s∞.

Table 6-6. System delay for berth scheduling for perspective s∞.
System delays
Mean

0.06 hours

Minimum

0 hours

Maximum

4 hours
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Figure 6-4. Berth utilization at NIT for perspective s∞.

Table 6-7. Summary statistics on berth utilization at NIT for perspective s∞.
NIT berth utilization
Mean

35%

Minimum

14%

Maximum

51%
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Figure 6-5. Berth utilization at VIG for perspective s∞.

Table 6-8. Summary statistics on berth utilization at VIG for perspective s∞.
VIG berth utilization
Mean

39%

Minimum

11%

Maximum

74%
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Figure 6-6. Berth utilization at PMT for perspective s∞.

Table 6-9. Summary statistics on berth utilization at PMT for perspective s∞.
PMT berth utilization
Mean

34%

Minimum

13%

Maximum

66%
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Disruptions of perspectives
The system cost is robust for 𝑠0 to 𝑠10000 , excluding only 𝑠𝑖𝑛𝑓 . In other words, a penalty of up to
$10,000 per hour can be imposed on delays without significant changes to the total berthing cost.
This is illustrated in Figure 6-7 and Table 6-9. For each of the disruptions,
𝑠0 , 𝑠1 , 𝑠100 , 𝑠1000 , 𝑠5000 , 𝑠10000, the mean is between 3.24 and 3.29 million USD and the
maximum and minimum values of each disruption are similarly within a narrow range. The
disruption coefficient of 𝑠1 , 𝑠100 , 𝑠1000 , 𝑠5000 , 𝑠10000 from the baseline 𝑠0 ranges from 0.03 to 0.08,
meaning that at most 8% of instances in a disruption fall outside the distribution of the baseline.
As described above, the system cost for 𝑠𝑖𝑛𝑓 , where delays are minimized and operational cost
ignored, is significantly disrupted from the cost minimization baseline, 𝑠0 .
When the cost is normalized by the number of containers handled, there is again relatively little
change between the disruptions where operational cost is included in the objective. The mean
ranges between $102 and $104 per container and the maximum between $106 and $108. The
disruption coefficients are greater than those for system cost but under 0.3 for aforementioned
disruptions. For 𝑠𝑖𝑛𝑓 , the cost per container is heavily disrupted, with a mean of $133, maximum
of $153, and the minimum of $109 is greater than the largest maximum of the other disruptions.
This is described in Figure 6-8 and Table 6-10.
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Figure 6-7. Disruption of cost from multiple perspectives with penalty for delayed berthing
ranging from 0 to infinity.
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Table 6-10. Summary statistics, including disruption coefficient from baseline, for system cost
from multiple perspectives with penalty for delayed berthing ranging from 0 to infinity.
Disruption coefficients marked * are not significant at a 0.05 confidence level.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

$3.27 million

$3.72 million

$2.83 million

s1

0.03*

$3.27 million

$3.71 million

$2.87 million

s100

0.05

$3.29 million

$3.70 million

$2.83 million

s1000

0.08

$3.24 million

$3.73 million

$2.69 million

s5000

0.05

$3.29 million

$3.72 million

$2.83 million

s10000

0.04*

$3.28 million

$3.67 million

$2.90 million

sinf

0.96

$4.22 million

$5.23 million

$3.47 million
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Figure 6-8. Comparison of cost per container distributions with disruptions from multiple
perspectives with penalty for delayed berthing ranging from 0 to infinity.
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Table 6-11. Summary statistics, including disruption coefficient from baseline, for cost per
container from multiple perspectives with penalty for delayed berthing ranging from 0 to infinity.
Disruption coefficients marked * are not significant at a 0.05 confidence level.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

$103

$106

$100

s1

0.07

$103

$106

$101

s100

0.03*

$103

$106

$100

s1000

0.29

$102

$106

$93

s5000

0.19

$104

$107

$99

s10000

0.20

$104

$108

$101

sinf

1.00

$133

$153

$109
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The system delays are illustrated in Figure 6-9 and summary statistics are shown in Table 6-11.
System delays decrease with the increase of hourly penalty imposed on delays. As can be seen in
the latter part of the figure, 𝑠0 , 𝑠1 , and 𝑠100 are the only disruptions what have mean delays over 4
hours (1 time period in the optimization model). Starting with 𝑠100 and continuing with increasing
penalties, the system delays have at least a 0.99 disruption coefficient from the baseline 𝑠0 .
Terminal berth utilizations are illustrated in Figure 6-10 to Figure 6-12 and Table 6-12 to Table
6-14. NIT utilization, has a mean in the range of 0.31 to 0.35 for all disruptions, with generally
slightly higher disruption coefficients as penalties for delays increase. The delay minimization
disruption, 𝑠𝑖𝑛𝑓 , has the highest mean, although not dissimilar to other scenarios but the range
between minimum and maximum is larger than for other disruptions.
VIG utilization is much lower for delay minimization, 𝑠𝑖𝑛𝑓 , than for other disruptions, whether
it is mean, minimum, or maximum. While the mean ranges from 0.78 to 0.83 for other disruptions,
it is 0.39 for 𝑠𝑖𝑛𝑓 . This is a result of the favorable berthing costs at VIG not being taken into account
in that disruption whereas in others it is a major driver of the high utilization.
PMT utilization is around a 0.10 mean for 𝑠0 − 𝑠10000 . However, for 𝑠𝑖𝑛𝑓 , the mean is similar
to VIG and NIT, or 0.34, since the high berthing costs are not included in the objective.
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Figure 6-9. System delays distribution for multiple perspectives with penalty for delayed
berthing ranging from 0 to infinity, including a zoom in on three disruptions with longest delays.
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Table 6-12. Summary statistics, including disruption coefficient from baseline, for system delay
from multiple perspectives with penalty for delayed berthing ranging from 0 to infinity.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

167 h

252 h

88 h

s1

0.67

101 h

352 h

0h

s100

0.99

38 h

128 h

0h

s1000

1.00

4h

32 h

0h

s5000

1.00

0.3 h

8h

0h

s10000

1.00

0.06 h

4h

0h

sinf

1.00

0.06 h

4h

0h
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Figure 6-10. NIT berth utilization distributions for multiple perspectives with penalty for delayed
berthing ranging from 0 to infinity.
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Table 6-13. Summary statistics, including disruption coefficient from baseline, for NIT berth
utilization from multiple perspectives with penalty for delayed berthing ranging from 0 to
infinity.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

0.32

0.42

0.21

s1

0.07

0.31

0.42

0.22

s100

0.05

0.32

0.43

0.23

s1000

0.13

0.33

0.43

0.23

s5000

0.17

0.33

0.43

0.22

s10000

0.13

0.33

0.41

0.24

sinf

0.37

0.35

0.51

0.14
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Figure 6-11. VIG berth utilization distributions for multiple perspectives with penalty for
delayed berthing ranging from 0 to infinity.
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Table 6-14. Summary statistics, including disruption coefficient from baseline, for VIG berth
utilization from multiple perspectives with penalty for delayed berthing ranging from 0 to
infinity.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

0.82

1.00

0.68

s1

0.12

0.83

1.00

0.68

s100

0.06

0.81

0.96

0.69

s1000

0.24

0.79

0.92

0.68

s5000

0.32

0.78

0.92

0.65

s10000

0.31

0.78

0.90

0.65

sinf

1.00

0.39

0.74

0.11
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Figure 6-12. PMT berth utilization distributions for multiple perspectives with penalty for
delayed berthing ranging from 0 to infinity.
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Table 6-15. Summary statistics, including disruption coefficient from baseline, for PMT berth
utilization from multiple perspectives with penalty for delayed berthing ranging from 0 to
infinity. Disruption coefficients marked * are not significant at a 0.05 confidence level.
Disruption ID

Disruption

Mean

Maximum

Minimum

coefficient
s0

-

0.10

0.16

0.06

s1

0.04*

0.10

0.16

0.06

s100

0.02*

0.10

0.16

0.06

s1000

0.06

0.10

0.16

0.06

s5000

0.08

0.11

0.17

0.05

s10000

0.10

0.11

0.19

0.06

sinf

0.99

0.34

0.66

0.13

135

The seven perspectives have different terminal assignment probabilities. Starting before
performing the optimization and simulation, it can be assumed that there is a 1/3 probability that a
particular vessel is assigned to a particular terminal. With the purpose of quantifying how much
information about assignments is gained by the analysis (alternatively how much uncertainty is
reduced), Kullback-Leibler divergence is calculated between the resulting terminal assignment
probability matrix of each perspective and a matrix where all probabilities are 1/3. These values
are shown in Table 6-15. With the exception of the baseline, 𝑠0 , the information gain decreases
with higher delay penalties, from 0.73 to 0.18 on a scale ranging from 0 (no information gain) to
1 (no uncertainty about assignments).
The discussion of results in this chapter has so far focused on individual performance measures
and their disruptions when various penalties are added for schedule delays. Figure 6-13 shows, in
three parts, the tradeoffs between system cost, system delays, and schedule information gain as
quantified by Kullback-Leibler divergence. Interpreting the upper two parts, cost is close to
constant for the various levels of both system delays and information gain, with the exception of
the delay minimization disruption, 𝑠𝑖𝑛𝑓 . This indicates that to minimize delays, it is not necessary
to add operational cost. However, an interesting tradeoff is between the reduction of delays and
how needed flexibility of terminal assignments. The more delays are reduced, the less likely it is
that vessels are assigned to the same terminals for various random arrival times, container volumes,
and handling times.

136

Table 6-16. Schedule information gain for multiple perspectives of schedules with different
delay penalties.
Perspective

Information gain

s0

0.60

s1

0.73

s100

0.69

s1000

0.49

s5000

0.44

s10000

0.43

sinf

0.18

137

Figure 6-13. Tradeoffs between mean system cost, mean system delays, and schedule
information gain for multiple perspectives. (𝒔𝟎 = red, 𝒔𝟏 = green, 𝒔𝟏𝟎𝟎 = dark blue, 𝒔𝟏𝟎𝟎𝟎 =
yellow, 𝒔𝟓𝟎𝟎𝟎 = purple, 𝒔𝟏𝟎𝟎𝟎𝟎 = light blue, 𝒔𝒊𝒏𝒇 = black)
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Summary
This chapter analyzed schedules that included varying levels of penalties associated with delays
of vessels. It explored the extreme cases where no penalties are on delays and where minimizing
delay is the sole objective. The results demonstrate that it possible to impose penalties to delays
without dramatic increases in operational costs resulting from a higher level of assignments to
more expensive terminals. However, reducing delays by adding penalties comes with a need for
more flexible schedules, which may be contractually and operationally more difficult than when
assignments are more stable across the various random arrival times, container volumes, and
handling times.
This chapter is in part subject of a publication in IEEE Systems Journal, Reliability
Engineering and Systems Safety, or another journal in the field of systems engineering, risk
analysis, or multiple objective decision making.
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Chapter 7

Demonstration: Disruptions of time frames
Overview
This section describes an approach for long term scheduling with uncertainty, as summarized in
Table 7-1. The section describes the generalized assignment model for scheduling, Monte-Carlo
simulation to address uncertainty in model inputs, a heuristic to filter and reduce the space of
schedule options, and an evaluation of remaining schedules (Thorisson et al. 2019b).

Background
The vessel scheduling model described in previous chapters is designed for a single cycle of
operations. With each instance of arrivals and volumes, there is a different optimal solution. In
many instances, it is beneficial to formulate a schedule that is fixed for multiple operations cycles,
in the case of vessel berth scheduling multiple weeks or months. The time frame in scheduling and
decision making has been identified as a critical element (Haimes, 2012).
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Table 7-1. Overview of Chapter 7, demonstrating schedule option development and disruptions
from multiple time frames.
Chapter objective

Extending scheduling methodology to longer time horizons

Motivation

Re-optimization every time period (e.g. week) might be difficult in
practice

Approach and data

Enumeration and filtering of schedule options informed by optimization
and simulation results
Evaluation of schedule options for tradeoffs of operational costs and
delays using Monte Carlo simulation

Contributions

Approach for formulation of long term schedules informed by modeling
and simulation
Identification of tradeoffs between operational cost and delays for
schedule options

Technical approach
This section describes an approach for creation and filtering of vessel berthing schedules, informed
by the optimization and simulation methodology first presented in chapter 4. The approach
includes formulation of the optimization model, motivation for Monte Carlo simulation and
subsequently enumeration and filtering of schedule options.
Figure 7-1 shows the approach in a flowchart format. The parts added in this chapter are the
filtering of schedule options using thresholds and subsequently evaluating the remaining schedule
options.
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Figure 7-1. Flowchart of technical approach to creating schedule options informed by simulation
and optimization of operational objectives.
The optimization and Monte Carlo simulation as well as inputs are the same as described in
chapter 4. It assigns container vessels to the three terminals at the Port of Virginia. The objective
of the optimization is to minimize the operational cost and the Monte Carlo simulation captures
the variability in inputs such as vessel arrival times, container volume, and handling times. The
variability means that the optimal solution for various different inputs does not result in the same
terminal assignment of vessels. Rather, assignments are represented by probabilities of certain
vessel to terminal assignments. A baseline probabilistic assignment is illustrated in Table 7-1.
The probabilistic assignment model can be appropriate when vessels can be scheduled to a
different terminal every week. However, there might be practical limitations to this. For example,
some ocean carriers store empty containers at terminals and load them on vessels when there is a
demand to move them to different ports. If a vessel does not have a consistent assignment to a
specific terminal, there can be additional costs related to moving empty containers between
terminals by truck. Therefore, it can be beneficial to have a vessel berth schedule that assigns
vessels to the same terminal multiple consecutive weeks, while still respecting the variability in
inputs.
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Table 7-2. Proportions of instances where the assignment that minimizes cost places vessels at
particular terminals.

n1
n2
n3
n4
n5
n6
n7
n8
n9
n10
n11
n12
n13
n14
n15
n16
n17
n18
n19
n20
n21
n22
n23
n24
n25
n26
n27
n28
n29
n30
n31

l1
0.00
0.19
0.41
0.99
0.28
0.43
0.98
0.99
0.72
0.90
0.00
0.22
0.01
0.31
0.16
0.02
0.30
0.19
0.71
0.74
0.07
0.14
0.46
0.42
0.86
0.00
0.94
0.01
0.98
0.05
0.88

l2
0.00
0.81
0.59
0.01
0.55
0.11
0.01
0.01
0.28
0.10
1.00
0.78
0.99
0.69
0.84
0.98
0.70
0.39
0.04
0.04
0.39
0.86
0.54
0.58
0.04
0.97
0.06
0.05
0.02
0.95
0.12
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l3
1.00
0.00
0.00
0.00
0.17
0.46
0.01
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.42
0.25
0.22
0.54
0.00
0.00
0.00
0.10
0.03
0.00
0.94
0.00
0.00
0.00

If all decision variables in an 𝑛 × 𝑚 assignment problem have a non-binary probability, i.e.
{∀𝑥𝑖𝑗 : 𝑥𝑖𝑗 ∈]0,1[}, there are a total of 2𝑛𝑚 possible combinations before constraining the
schedule option space. For a relatively simple problem of assigning 10 vessels to 2 terminals this
gives over a million possible decisions. It is therefore critical to limit the space of solutions such
that decision-makers can consider the costs, benefits, and trade-offs of different alternative
solutions. The results of the optimization and simulation can inform the constraining the schedule
option space. The proposed heuristic requires subjective input on thresholds and error tolerances,
as well as external requirements not represented in the optimization model.
In each iteration of the heuristic there are six parts:
1. Run the Monte-Carlo simulation for the vessel berth scheduling problem. Generate
Bernoulli parameters 𝑝𝑖𝑗 .
2. Assign vessel 𝑖 to terminal 𝑗 when the probability of optimally assigning 𝑖 to 𝑗 is larger
than or equal to a threshold 𝑉. Mathematically this is written as
𝑝𝑖𝑗 ≥ 𝑉 ⇒ 𝑥𝑖𝑗 = 1, ∀(𝑖, 𝑗)

(7-1)

3. Not assign vessel 𝑖 to terminal 𝑗 when the probability of optimally assigning 𝑖 to 𝑗 is smaller
than or equal to a threshold 𝑊. That is
𝑝𝑖𝑗 ≤ 𝑊 ⇒ 𝑥𝑖𝑗 = 0, ∀(𝑖, 𝑗)

(7-2)

4. Restrict the number of vessels to be assigned to terminal 𝑗. Since it is assumed that 𝑋𝑖𝑗
follows a Bernoulli distribution with parameter 𝑝𝑖𝑗 , the sum of 𝑛 such variables with
different parameters follows a Poisson binomial distribution with a mean 𝜇𝑗 = ∑𝑛𝑖=1 𝑝𝑖𝑗
and variance 𝜎 2 = ∑𝑛𝑖=1 𝑝𝑖𝑗 (1 − 𝑝𝑖𝑗 ). In other words, the expected number of vessels
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assigned to terminal 𝑗 when schedule is optimized is the sum of the probabilities of each
vessel being assigned to the terminal. Defining a scalar 𝑈, the number of vessels to be
assigned to terminal 𝑗 can be restricted to a range of 𝑈 standard deviations from the
expected number of vessels:
∑𝑛𝑖=1 𝑝𝑖𝑗 ± 𝑈√∑𝑛𝑖=1 𝑝𝑖𝑗 (1 − 𝑝𝑖𝑗 ) , ∀𝑗

(7-3)

5. Include other requirements. In application, there may be specific requirements that restrict
the solution space further. An example is when a vessel can only be scheduled at a subset
of terminals due to size of vessel, equipment available, labor contracts, or other reasons.
6. Evaluate the size of the problem, i.e. the number of schedule options after filtering in steps
2-5. If the number of schedule options is lower than a threshold, 𝑇, evaluate all options.
Otherwise repeat steps 1-5, adding constraint to represent the assignments and other
filtering made.
The goal of the filtering is to produce a number of candidate schedule options that are evaluated
against the random inputs (𝐴𝑖𝑗 , 𝐵𝑗 , 𝐶𝑖𝑗 ) as discussed in the following paragraphs.
The optimization and simulation and subsequent filtering results in a number of candidate
schedule options. This part evaluates the schedule options against the random inputs, fitted from
historical data, and records the outputs in terms of system cost and other performance measures.
This is again done by Monte-Carlo simulation. However, a difference from the previous is that
each schedule is considered fixed and not optimized for every sample of inputs. The purpose is to
examine trade-offs between different objectives, including ones the schedule is not optimized for,
as well as providing decision makers with alternatives. This adds value to recommendations from
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analysis by buffering against a single optimal solution being operationally infeasible due to a factor
not included in the mathematical model.

Data
The proportions of instances that vessels are assigned to particular terminals in the Monte Carlo
simulation, described in Table 7-1, are an estimate of the random assignment variables in the
described in the generalized assignment model. Now, they are used to filter the set of schedule
options, using the approach in the Technical approach section. Setting the thresholds 𝑉 = 0.8 and
𝑊 = 0.2, the vessels that have a random parameter 𝑝𝑖𝑗 > 0.8 are assigned to the respective
terminal. Similarly, those with parameters 𝑝𝑖𝑗 < 0.2 are prohibited from being assigned to those
terminals. Setting threshold 𝑈 = 1, the number of vessels assigned to each terminal is prescribed
to be within one standard deviation from the mean of the Poisson binomial sum of how many
vessels should be assigned to the terminal. Table 7-2 describes the implications of the thresholds
to the filtering of schedules.
With the thresholds, 18 of the 31 vessels are assigned to a terminal. The other 13 have been
limited to either of two terminals and bounds have been put on how many vessels should be
assigned to each of the terminals. Creating the schedules, the filtering narrows the set of admissible
schedules to 8305. Without the filtering, only two vessels are always assigned to the same terminal
and hence the subsequent evaluation would have to account for many more schedules.

146

Table 7-3. Candidate terminals which to assign vessels, informed by cost minimization and
simulation.

n1
n2
n3
n4
n5
n6
n7
n8
n9
n10
n11
n12
n13
n14
n15
n16
n17
n18
n19
n20
n21
n22
n23
n24
n25
n26
n27
n28
n29
n30
n31
Mean vessel assignments
Std. vessel assignments

l1
0.00
0.19
0.41
0.99
0.28
0.43
0.98
0.99
0.72
0.90
0.00
0.22
0.01
0.31
0.16
0.02
0.30
0.19
0.71
0.74
0.07
0.14
0.46
0.42
0.86
0.00
0.94
0.01
0.98
0.05
0.88
13.3
3.1

l2
0.00
0.81
0.59
0.01
0.55
0.11
0.01
0.01
0.28
0.10
1.00
0.78
0.99
0.69
0.84
0.98
0.70
0.39
0.04
0.04
0.39
0.86
0.54
0.58
0.04
0.97
0.06
0.05
0.02
0.95
0.12
13.5
3.0
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l3 Terminal candidates
l3
1.00
l2
0.00
l1, l2
0.00
l1
0.00
l1, l2
0.17
l1, l3
0.46
l1
0.01
l1
0.00
l1, l2
0.00
l1
0.00
l2
0.00
l1, l2
0.00
l2
0.00
l1,
l2
0.00
l2
0.00
l2
0.00
l1, l2
0.00
l2, l3
0.42
l1, l3
0.25
l1, l3
0.22
l2, l3
0.54
l2
0.00
l1, l2
0.00
l1, l2
0.00
l1
0.10
l2
0.03
l1
0.00
l3
0.94
l1
0.00
l2
0.00
l1
0.00
4.0
1.1

Results
The 8305 schedules are the result of listing and filtering a probabilistic formulation of a schedule
derived from an optimization and simulation approach. Since it is desirable to keep the same
schedule for an extended time horizon, opposed to re-optimizing every week, the schedules are
evaluated against the same random inputs that were used in the optimization instances. The
evaluation reports the cost, total system delays, as well as delays by terminal and by vessel. This
allows decision makers to compare the potential trade-offs between the cost of handling vessels as
economically as possible with delays incurred by the shipping lines, and how delays are distributed
across terminals and individual vessel services. The 8305 scheduled are evaluated, each for 1000
instances of random arrival times, container numbers, and handling times. Figure 7-2 illustrates
the mean cost plotted against the mean delays of the schedules. The figure demonstrates there is a
correlation between the cost and total delays, such that for a higher cost of operations, the mean
delay incurred by vessels can be decreased.
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Tradeoffs between
cost and delays
apparent in chart

Figure 7-2. Evaluation of mean cost and mean delays for 8305 schedule options.

149

As Table 4-2 described, terminal VIG has the lowest per-container cost for all three handling
modes and a high utilization at the terminal can be expected to contribute to lower overall handling
costs. However, the high utilization creates potential for delays to accumulate at the terminal.
Figure 7-3 shows the schedule delays by terminal, illustrated by boxplots. Terminal VIG has the
most delays by a significant margin. Figure 7-4 shows the delay distribution by individual vessel.
Of the ten vessels with the highest mean delay, all are either always assigned to VIG or is assigned
to either VIG or another terminal. This calls for other performance measures, beyond the mean
cost and mean delays, to be considered when choosing a schedule.
Figure 7-5 illustrates the tradeoffs between three schedules. The tooltips on the figure show
the mean cost (in US$), mean delay (in hours/week), and the index of the schedules. The schedule
to the far right (#1520) has the lowest delays of all schedules. The schedule to its left (#1172) has
the lowest mean delay by vessel among all candidate schedules. This reflects the goal of
minimizing discrimination between vessels in terms of scheduling to drive system performance in
terms of mean cost and delays. The leftmost schedule (#2325) represents a non-dominated
schedule that has a medium balance between mean cost and delays. Table 7-4 summarizes
performance of the three schedules and trade-offs among them.
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Figure 7-3. Distribution of delay by terminal (NIT, VIG, PMT) for 8305 schedule options.
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Figure 7-4. Distributions of delay by 31 vessel for 8305 schedule options.
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Figure 7-5. Example of three different schedule option performance and tradeoffs.
Table 7-4. Comparison of performance of a sample three schedule options on three criteria:
Mean cost, mean delay, and lowest vessel mean delays.
Schedule

Mean cost

Mean system delays

Lowest vessel mean delays

(million US$)

(hours/week)

(hours/week)

1520

3.48

5.2

2.8

1172

3.45

5.8

2.7

2325

3.21

17.5

8.1

ID
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Comparing schedule #1520 with #1172, the former has a $30,000 higher weekly cost but a
mean of 0.6 hours shorter system delays. Even though #1172 has a lower maximum vessel mean
delay, the different is not greater than 0.1 hours. Schedule #2325 has a cost that is $340,000 less
than schedule 1172, but a mean system delay of over 17 hours. Looking only at the two
performance measures, this equates to a trade-off of about $28,000 per hour delay. However, the
delays of schedule #2325 are not distributed evenly. Eight of the 31 vessels incur on average over
four hours of delay, with the largest average being 8.1 hours. Thus this could be a viable schedule
alternative, if decision makers believe it is feasible to operate this schedule without losing the
business, or at least customer satisfaction, of the vessels incurring consistent delays.
The shipping industry is under increasing pressure to operate more efficiently and be resilient
to changes in demand, markets, technology, and the environment. The expansion of the Panama
Canal has created opportunities for larger vessels to serve global routes [Friedman 2017]. Larger
vessels require deeper ports and ports around the globe are challenged to update their facilities
while maintaining an acceptable service level.
Based on review of trade literature [Mofatt and Nichol 2016; Bratton et al. 2015; Rodrigue
2010] and discussions with shipping professionals, three disruptions along with the baseline
scenario are considered. Table 7-4 describes the disruptions. Disruption 1, 𝑑1 , represents partial
closure of the facility due to construction, accidents, or other planned and unplanned outages. It is
implemented by having three berth positions at terminal NIT, rather than four as in the baseline.
Disruption 2, 𝑑2 , explores the implications of higher container volumes being handled at the port.
This is a representation of both annual cycles, such as increased imports before holidays, as well
as longer term trends. Disruption 3, 𝑑3 , is a combination of 𝑑1 and 𝑑2 which represents a condition
where both volumes are high and operating capacity is limited.
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Table 7-5. Disruptions for vessel schedule options development.
Disruption name
𝑑0 Baseline
𝑑1 Closure of a NIT berth
demand
for
𝑑2 Higher
container handling
𝑑3 Closure of a NIT berth and
higher
demand
for
container handling

Description
The as-planned scenario
NIT has three berths available rather than four
Baseline of containers handled by each vessel are increased
by 25%
Combination of 𝑑1 and 𝑑2

Figure 7-6 plots the mean system delays against the mean system cost for the 8305 schedules
for the baseline and the three disruptions. Unsurprisingly, the system cost increases significantly
for all schedule options when the volume is increased by a factor of 25%. Since there is no reoptimization involved in the analysis, the cost per container is does not change due to higher
volumes. System delays are disrupted both by increased volume and limited capacity.
Quantifying the disruptions of the system delay for the three disruptions, the disruption
coefficients for schedule options in a particular are visualized in histograms in Figure 7-7. There
is overlap between the disruption histograms, but disruption 𝑑1 has the lowest mean disruption,
then 𝑑2 , and the schedule options are most disrupted with regard to system delays in 𝑑3 . Disruption
𝑑2 differs from the other two in terms of the variance of disruption coefficients. The minimum and
mean are higher than that of 𝑑1 but the maximum is lower than the maximum of 𝑑1 .
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Figure 7-6. Mean cost versus mean total delays for a baseline and three disruptions for 8305
schedule options.
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Figure 7-7. Disruption coefficients of system delays for schedule options in three disruptions.
Table 7-6. Summary statistics of disruption coefficients for system delays of schedule options in
three disruptions.
Disruption

Mean disruption

Maximum of disruption

Minimum of disruption

coefficient of schedule

coefficient of schedule

coefficient of schedule

options

options

options

d1

0.14

0.46

0.01

d2

0.26

0.39

0.11

d3

0.39

0.62

0.24

157

Summary
This chapter demonstrates how the results from the Monte Carlo simulation and cost minimizing
optimization for a one week time frame can be extended to create schedule options for a longer
time frame. Schedule options are created and filtered as well as evaluated against random arrival
times, container volumes, and handling times. Thus, performance of system cost and delays are
analyzed in terms of robustness and expected performance. Of course, the above demonstration
illustrates a sample of the insights that can be gained from applying the methodology to a
scheduling problem. Constraints, thresholds, and other subjective inputs should be iterated and
evolve with the operations and business environment.
This chapter has been published in part as:
Thorisson, H., C.A. Pennetti, D.J. Andrews, D. Hendrickson, T.L. Polmateer, J.H. Lambert. 2019.
Systems Modeling and Optimization of Container Ship Berthing with Various Enterprise
Risks. To appear in Proceedings of the 2019 IEEE Systems Conference. Orlando, FL, USA.
8pp.
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Chapter 8

Demonstration: Truck operation disruptions
Overview
This demonstration explores schedules of truck fleets that are disrupted by weather, surges in
demand, and other conditions (Thorisson et al. 2018). Trucking companies are responsible for
moving the majority of containers in and out of the port facilities and a smaller proportion is moved
by rail or barges. Recently, congestion at ports on both the US East Coast and West Coast have
exemplified the need for scheduling truck arrivals and services in a reliable manner to withstand
disruptions. The results highlight the need for data quality and accounting for dependencies among
system activities. Table 8-1 provides an overview of the chapter.
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Table 8-1. Overview of Chapter 8, demonstrating disruptions of truck operations for two regimes
of operations.
Chapter objective

Identify bottlenecks and characterize states of operation for trucks
serving a marine container terminal

Motivation

Congestion at container terminals has been an issue in Virginia and
beyond as the global shipping industry expands

Approach and data

Truck operations data at the Port of Virginia from 2015-16 is classified
into the different states of operations
Time spent and number of trucks in each state is compared for truck
turntimes over and under 60 minutes

Contributions

Identification of states that contribute most to long turntimes and
bottlenecks
Considerations of downstream effects of vessel berth scheduling
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Background
Maritime container ports are an important part of supply chains as ocean transportation is typically
a cost-effective option for shipping commodities over long distances (Buxbaum, 2016). Ports are
often owned or operated by the local governments and have missions that serve the public interest.
They operate through economic and natural disruptions. Conditions at global levels (e.g., climate,
macroeconomic trends, disruptive technological innovation) and regional/local levels (e.g.,
demographic shifts, region-level funding) affect the ability of ports to achieve their missions
(ASCE, 2017). There is a need to find efficiencies, economies of scale, and innovations that allow
these ports to achieve improved outcomes with fewer resources. Ports across the world are
searching for innovative methods for obtaining financing, maximizing land use, and reducing risk
through diversification of cargo types. It is essential that capital expenditures are leveraged in ways
that return the maximum return on investment.
Port operations involve multiple groups and stakeholders, including port owners and operators,
shipping lines, trucking companies, stevedores, rail companies and others. The various
stakeholders all contribute to the overall performance of the port, and interdependencies can cause
disruptions in one area, e.g. vessel arrivals, to propagate to another area, e.g. trucking. Vessel
berthing and allocation of equipment to load and unload vessels has been studied extensively, e.g.
(Alattar & Karkare, 2006; Alvarez et al., 2010; Bierwirth & Meisel, 2015; Cao, Lee, Chen, & Shi,
2010; Dragovic et al., 2006; Dulebenets et al., 2015; Stahlbock & Voss, 2008; Y. Xu et al., 2012).
However, the landside part of operations, moving cargo from the terminal yard to locations further
down the supply chain, has been identified as an understudied area (Harrison, Hutson, West, &
Wilke, 2007). Port drayage refers to transport of cargo between a port terminal and an inland
location (Smith, Harder, Huynh, Hutson, & Harrison, 2012). This chapter confines the term to
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container transport, although methods and conclusions are generalizable to other types of
commodities.
Port drayage operations have received attention in recent years due to complaints of truck
drivers about congestion within terminals as well as queueing at terminal gates (Hutchins, 2016;
McCabe, 2015). Harrison et al (2007) conducted a survey among truck drivers receiving or
delivering containers at the Port of Houston, USA, and found that 45.7% of drivers were
unsatisfied with the efficiency of terminal operations, compared to 22.3% being satisfied or very
satisfied. In addition to decreasing terminal efficiency with associated cost and less customer
satisfaction, congestion also has negative effects on air quality, increases polluted runoff, and
contributes to congestion on hinterland roads. In order to increase efficiency of operations and
reduce other indirect negative effects, it is important to identify and resolve bottlenecks in truck
throughput at terminals. Innovative methods such as webcam image processing (Huynh, Harder,
Smith, Sharif, & Pham, 2011; Pham, Huynh, & Xie, 2011) and data mining (Huynh & Hutson,
2009) have been used to analyze gate queues and identify certain types of transactions that have
abnormally slow processing times. However, there is a need to investigate further the specific
contributions of activities such as queueing at gates, waiting for service at stacks, and receiving a
chassis inspection to the overall performance of drayage operations.
This chapter investigates schedules, or lack or schedules, of truck arrivals at the Port of
Virginia. For a background on the port, see Chapter 4.
This chapter demonstrates a framework for disaggregation of uncertainties of operations of
large-scale systems into several layers, including a characterization of operations data for a
container terminal on the United States East Coast, shown in Figure 8-1 and Figure 8-2. A method
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for analyzing the spatial and temporal stress on various areas within the terminal is developed, and
factors driving this stress are delineated.

Figure 8-1. Approach to Virginia International Gateway terminal, a part of the Port of Virginia,
USA (Port of Virginia, 2017).
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Figure 8-2. Aerial view of Virginia International Gateway container terminal (Google Maps,
2017).
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Technical approach
The efficiency of port drayage is in the industry typically measured by the truck turn time, that is
how long it takes trucks to enter a terminal, perform required transactions, and leave the terminal.
There is some variability between agencies how turn time is measured. In some cases it includes
time waiting in line outside the terminal or if it includes the processing time at the gate entering.
In this chapter, traditional turn time is defined as the time from when a truck enters the terminal
yard until it leaves through the gate, whereas expanded turn time includes the time a truck spends
queueing before entering the yard (Virginia Port Authority, 2015). Figure 8-3 and Figure 8-4
illustrate the definitions and illustrate the layout of the terminal and where time stamps are
collected. While making a visit to the terminal, trucks can perform several types of transactions.
Ingate transactions involve presenting necessary paperwork and entering the terminal yard. Stack
transactions involve delivering containers for export or receiving containers for import. Chassis
transactions involve getting a chassis inspected or repaired, picking up or dropping off an empty
chassis. Outgate transactions involve presenting paperwork and leaving the terminal yard.
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Figure 8-3. Traditional and expanded turn time in relation to activities performed during truck visit.
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Figure 8-4. Layout of container terminal and locations of RFID time stamps collected on truck
visits.
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This demonstration characterizes operations data on truck visits at the Virginia International
Gateway terminal. The terminal is one of five terminals of the Port of Virginia and is located in
Portsmouth, Virginia, USA. Various data is collected on truck visits to the terminal. Using RFID
readers several time stamps pertaining to the truck visit are recorded. Table 8-1 expands on Figure
8-3 and describes the time stamps. These time stamps are used to model the flow of truck traffic
through the terminal. During a visit a truck can make multiple stack transactions, each with its own
LTADATE, LTACRANESTARTED, and LTACRANEFINISHED. It should be noted that a given
truck visit might not perform all types of transactions.
Table 8-2. Time stamps collected for truck visits at the container terminal.
Time stamp

Description

INPORTALDATE

Truck enters queue for terminal admission

INGATERAISEDATE

Truck enters terminal yard

LTADATE

Truck enters stack area

LTACRANESTARTED

Crane starts moving container from stack to truck

LTACRANEFINISHED

Crane finished moving container from stack to truck

FIRSTCSAINDATE

Start of first chassis service area entrance during visit

FIRSTCSAOUTDATE

End of first chassis service area entrance during visit

LASTCSAINDATE

Start of last chassis service area entrance during visit

LASTCSAOUTDATE

End of last chassis service area entrance during visit

OUTGATERAISEDATE Truck leaves terminal yard
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The relevant data collected at the terminal describes individual transactions. In order to get
information about the various states of the system while operating in different regimes, the data
must be transformed from the transactions domain to a turn-time domain. An entry in the database
is created every ten minutes during the study period (entries can be adjusted to a shorter or longer
period based on preferences of stakeholders). At the instance of the entry, the number of trucks in
each states is recorded and the time the trucks currently in the system spend in their respective
state as well as their traditional and expanded turn times. Thus, it is possible to correlate the time
and occupancy of states with the overall turn time. States that are robust to variations in turn times
can be expected to have a similar mean and variance in time and occupancy for different regimes
of turn times.
To gain further insight to the behavior of the flow of trucks through the terminal, the transitions
between states are modeled as a Markov chain. All trucks enter the system through the ingate and
leave through the outgate but visits to chassis area and stacks can be in any order and multiple
visits to these states are possible. In the demonstration presented, the number of visits to the chassis
area and cranes does not exceed two. A key aim of the following analysis is to compare and
contrast the prevalence of certain activities and their respective duration for different regimes of
overall terminal drayage performance. The aim is to identify factors that drive long turn times and
opportunities to improve operations, lower cost and improve customer experiences. The main
distinction in the analysis is made between long turn times, where the traditional turn time is over
60 minutes, and short turn times with traditional turn times under 60 minutes.

Data
This section describes a demonstration of the methods described in the previous section. The
setting of the demonstration is the Virginia International Gateway, a container terminal operated
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by the Port of Virginia in the Hampton Roads region of Virginia, USA. The terminal has the
capacity to process over one million twenty-foot equivalent unit containers annually and is the first
and one of very few operational automated container terminals in the Western Hemisphere, with
semi-automatic rail mounted gantries moving containers between stacks and trucks (Virginia Port
Authority, 2017). The terminal experienced significant congestion in early 2015 with excessive
turn times and customer dissatisfaction (McCabe, 2015). Extended gate hours and several other
measures were implemented and average turn times became shorter in the summer of 2015. A
variety of macro-scale events have been tied to the period of excessive turn times, such as winter
weather slowing down operations and labor disputes on the US West Coast driving more business
to East Coast ports. However, analyzing on a within-terminal scale bottlenecks or distribution of
service demand serves on important purpose to improve efficiency and being able to recognize
warning signs for long turn times.
The daily average turn time for the study period, January to September 2015, is illustrated in
Figure 8-5. There is an apparent seasonal behavior as Saturdays have shorter turn times than
weekdays. During the study period the terminal was closed to truck traffic on Sundays. After turn
times peak around day 50 there is a downward trend for the rest of the period. There are however
still days towards the end of the period that exceed the operational goal of having turn times under
60 minutes. Figure 8-6 and Figure 8-7 illustrate the number of trucks and time spent in each state
at a given instance. The stacks is the state that has the highest median number and time in state.
Comparing the number of trucks with the time spent in states there are generally parallels. Stacks,
ingate and stacks queue have the greatest spread, in terms of interquartile range, for both measures.
The chassis state takes the shortest time and has the fewest trucks present. A noteworthy difference
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is that in the time view there are more outliers, observations that are further than 1.5 times the
interquartile range from the 75th percentile.

Figure 8-5. Daily average turn time of trucks at Virginia International Gateway over the study
period, Jan 2015 - Sept 2015.
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Figure 8-6. Distribution of the number of trucks in each state of a container terminal yard over a
9-month period.

Figure 8-7. Distribution of time trucks spend in each state of a container terminal yard over a 9month period.

172

Results
Figure 8-8 to Figure 8-10 compare and contrast the distributions of times and numbers in the
several states between periods where average turntimes are under and over 60 minutes. Generally,
when turn times are over 60 minutes the distributions are shifted to the right, meaning there are
more trucks in each of the states and they spend longer time in states. Furthermore, the distributions
for longer turn times have lower peaks so the number of trucks in states and the time spent in states
is less predictable.

Figure 8-8. Distribution of the total number of trucks in port, grouped based on traditional turn
time.
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Figure 8-9. Number of trucks in each state, grouped based on traditional turn time.
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Figure 8-10. Time trucks spend in each state, grouped based on traditional turn time.
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The distributions of truck numbers and times for turn times under and over 60 minutes can be
formally compared using the disruption coefficient (Clemons & Bradley, 2000; Condit et al., 2006;
Inman & Bradley Jr, 1989; Leydesdorff, 2008). The disruption coefficient for a baseline
distributions 𝑓1 and a disrupted distribution 𝑓2 , is defined as:
∞

𝐷 = 1 − ∫−∞ min(𝑓1 (𝑡), 𝑓2 (𝑡)) 𝑑𝑡

(8-1)

The disruption coefficient can be interpreted as the long-proportion of instances where the two
conditions have different outputs. 𝐷 = 0 implies that the distributions are identical whereas 𝐷 =
1 means there is no overlap. Similar measures have been used to compare income distributions of
demographic groups (Clemons & Bradley, 2000), eco-diversity (Condit et al., 2006), author cocitation analysis (Leydesdorff, 2008), and in other applications.
The disruption coefficients for comparison of turn times under and over 60 minutes are
described in Table 8-2. The chassis area has the lowest disruption for both the number in the state
and the time spent there. The stacks queue is the state most disrupted when turn times are over 60
minutes. With the exception of the chassis area, the time in state is more disrupted than the number
of trucks in the state.
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Table 8-3. Disruption between state probability distributions for turn times under and over 60
minutes. All coefficients are significant at the 0.05 confidence level, evaluated with the
Kolmogorov-Smirnov test.
Number in state disruption Time in state disruption
Ingate

0.45

0.50

Outgate

0.51

0.58

Chassis area

0.25

0.15

Chassis area queue 0.53

0.65

Stacks

0.64

0.84

Stacks queue

0.73

0.87
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Trucks entering the terminal can either go to the stacks to receive or deliver a container, or to
the chassis area to receive or deliver a chassis, have a chassis inspection or repair. Trucks can
perform multiple transactions in each state in a single visit, e.g. deliver a twenty-foot container to
the stacks, go to the chassis area to get a forty-foot chassis, and then back to the stacks to receive
a forty-foot container. In this case each transaction is recorded. The order in which transactions
are performed is decided by the driver. Sometimes, like in the example before, there is a natural
order, while other times the driver can decide where to start. Table 8-3 illustrates the transitions
between states, modeled as a Markov chain. It is possible to go straight from ingate to outgate,
implying that neither the stacks nor the chassis area was visited. The reasons for such behavior
are several and are addressed in the discussions in Chapter 9 on uncertainty in modeling. A
majority of trucks entering through the ingate to the stacks, while the majority of trucks at the
stacks or in the chassis area head for the outgate. Movements between the chassis area and stacks
are not symmetrical as a higher proportion of trucks at the stacks go to the chassis area than trucks
at the chassis area move to the stacks.
Table 8-4. Transition proportions, e.g. 17% of trucks entering through the ingate went first to the
chassis area, 70% went to the stacks, and 13% neither visited the chassis area nor stacks.
Ingate Chassis area Stacks Outgate
0

0.17

0.70

0.13

Chassis area 0

0.03

0.24

0.73

Stacks

0

0.37

0.12

0.51

Outgate

0

0

0

1

Ingate
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Summary
This chapter discusses disruption analytics for truck operations at a container port. It identifies
states of operations that have the potential to create bottlenecks when stressed. It compares and
contrasts operations when truck turntimes, the time it takes for a truck to complete a visit to the
terminal, are under and over 60 minutes. It finds that the stacks and stacks queue states are most
disrupted when turntimes are over 60 minutes, indicating that promoting efficiency in those states
is key to lowering overall turntimes.
This chapter has been published in part as:
Thorisson, H., D. Hendrickson, T.L. Polmateer, J.H. Lambert. 2018. Disaggregating uncertainties
in operations analysis of intermodal logistics systems. ASCE-ASME Journal of Risk and
Uncertainty in Engineering Systems, Part B: Mechanical Engineering. 5(1).
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Chapter 9

Discussion
Overview
This chapter provides a discussion of various challenges, limitations, implementations, extensions,
and other topics related to the theory, methodology, and demonstration of this dissertation.

Model testing and evaluation
This task describes validation frameworks for systems modeling and risk analysis. Validation and
verification are important steps before models are implemented for real-world applications.
Validation has been described as “building the right system” and verification answers “whether
the system is built right” (Balci, 1994). Validity of simulation studies is typically tested by
comparing results to real-world outcomes with the same input specifications. When the study
purpose is to evaluate future, often unprecedented, scenarios comparison with historical data
becomes problematic. Balci (1995) discusses 15 principles of simulation validation, verification,
and testing. The third principle states that “a simulation model is built with respect to the study
objectives and its credibility is judged with respect to those objectives.” Macal (2005)
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acknowledges the difficulty in validating models where historical data to compare to does not
exist. They provide pathways to validation in that case:
Explore extreme and strategic cases
Use models are exploratory e-laboratories (e.g. for rapid prototyping)
Use multiple models
Maximally diverse model ensembles
Use subject matter experts for evaluation and participatory simulation
Thus by accounting for uncertainties ranging from stochasticity of inputs to exploratory
scenarios to accounting for recognized uncertainties, the methodology proposed is partially selfvalidated. Close collaboration with subject matter experts on modeling constraints, input data
quality, and system objectives further increase they credibility of the method.
For a more quantitative validation and verification approach, sensitivity analysis has been
defined as “the study of the relative importance of different factors on the model output” (Saltelli,
2017). Saltelli et al. (2004) describe 7 steps of sensitivity analysis applied to risk analysis and
decision support:
Establish the goal of the sensitivity analysis.
Decide what input factors to include.
Choose a distribution for each input factor.
Choose a sensitivity analysis method.
Generate input sample.
Evaluate model with input sample.
Analyze model output and draw conclusions, iterate if deemed necessary.
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Frey and Patil (2002) give an overview of ten methods for sensitivity analysis and categorize
them as mathematical, statistical, or graphical. Popular methods include Monte Carlo simulation
(Greenland, 2001), regression analysis (Homma & Saltelli, 1996), and scatter plot examination
(Frey & Patil, 2002).

Uncertainty in modeling
There is a variety of methods for handling uncertainty in the modeling of engineering systems
(Chatzi, Papadimitriou, & Beck, 2016). Uncertainty has been specifically accounted for in risk and
decision models for infrastructure climate adaption (Espinet, Schweikert, & Chinowsky, 2015;
Hamilton, Lambert, & Valverde, 2015), asset management of canal systems (Elcheikh & Burrow,
2016), watershed management (Liu et al., 2007), vessel berth scheduling (Y. Xu et al., 2012), and
highway access safety (J. Xu, Lambert, & Tucker, 2014). In many cases expert elicitation (Ayyub,
2001; Hickey & Davis, 2003; Kadane & Wolfson, 1998) is required to assess and evaluate
uncertainties. Morgan et al. (2000) and Haimes (2015) propose classification schemes for different
types of uncertainty.
Following the chapter on truck operations, this section identifies 8 layers of uncertainty
encountered that are summarized in Table 9-1. The layers arise in the analysis of a variety of
advanced logistics systems. Challenges are caused by different standards between databases,
different scope of data collection for similar systems (two terminals with different data
management systems), and other issues where the data collected is accurate but scope or format is
inadequate to fulfil requirements. Bad data, e.g., where values are recorded wrong into a data base
are another source of uncertainty. This can results in infeasible results, such as a truck having a
negative turn time. Finally, the performance metrics, and their user interface and visualization,
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should address the goals and objectives of the analysis and stakeholders should be able to easily
interpret and understand the outcomes.

Table 9-1. Summary of how uncertainty layers were identified in the analysis of advanced
logistics systems.
Uncertainty layer

Sample of observations

Data gaps

Not all activities performed during a truck visit are recorded in a
database

Comparability

across

Different data collection systems can result in incomparability

within

Lack of identification to link instances in different databases to each

terminals
Comparability
terminal

other

Data accuracy

Data is recorded incorrectly, either due to technical faults or
entering errors

Data completeness

Data fields are only partially recorded, leaving analysts to make
inappropriate assumptions

Deficient metrics

Performance metrics are chosen for their convenience rather than
representation of system goals

Choosing new metrics

Metrics need to represent goals of system and be meaningful and
easily interpreted

User interfaces

Necessary performance information must be presented without
overwhelming user with a complicated interface
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Data gaps
The uncertainty layer addresses that data is not recorded fully for all activities. For the VIG
container terminal, time stamps are recorded when 1a) a truck enters the ingate queue, 1b) they
enter terminal through the ingate, 2a) they are admitted to a spot by the stacks, 2b) transaction
finishes at the stacks, 3a) they enter chassis area, 3b) they leaving chassis area, and 4) the leave
through the outgate. In the analysis presented, the ingate, stacks and chassis area states can be
accurately defined by these time stamps. The remaining states, stacks queue, chassis queue, and
outgate, are estimated by interpolating between the truck leaving one from a transaction and
starting another. Thus the term queue is not necessarily accurate. For example, while a driver is in
the state stacks queue, they might be parked for a meal break or having an issue resolved.
Driver’s assistance is a state that is not recorded a database. When there is a complication with
a transaction, such as mistakes on paperwork, containers are damaged or dislocated, the truck
driver visits driver’s assistance to have the complication resolved. Experience has taught that a
visit to driver’s assistance can take anywhere from a few minutes to a couple of hours. At VIG,
the driver’s assistance building is located outside the gates so the driver has to exit the terminal
and re-enter following a visit. Thus it creates an additional record for the same requested
transactions. As illustrated in Table 3, 13% of trucks go from ingate to outgate without visiting
stacks and chassis area. A possible explanation is that some of these trucks have trouble with their
transactions, have to go to driver assistance and subsequently re-enter the terminal. Since a visit
to driver assistance is not recorded in a database, it is excluded from any analysis and can affect
performance measures.
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Comparability across terminals
The Port of Virginia operates three container terminals. In addition to VIG, there are Norfolk
International Terminal (NIT) and Portsmouth Marine Terminal (PMT). The latter two are currently
not automated to the same extent as VIG and therefore their operations are slightly different.
Furthermore, data (specifically time stamps) collected for truck visits is different. Figure 9-1
illustrates the differences in time stamp collection between VIG and NIT. Due to different layouts
and operations systems, chassis area data is not collected in the same manner. Rather than
recording enter and exit times, the gate processing times are recorded. Once the trucks enter the
chassis area, no further time stamps are recorded. The gate processing times are also recorded for
ingate and outgate. This provides more detail about gate transactions than at VIG, where only the
time a truck is finished processing is recorded. An implication of this is that at NIT it is possible
to distinguish a long ingate (or outgate) queue due to traffic from a long queue dues to slow
processing by gate operators.

Figure 9-1. Comparison of collected time stamps and analyzed states at two terminals of the Port
of Virginia, the VIG and NIT.
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Comparability within terminal
Revisiting Figure 11, there is no information about stacks or chassis queue times at NIT. This is
due to incompatibility between databases for truck visits at the terminal. Two databases contain
information about truck visits. One has information collected at the ingate, outgate and chassis
gates. The other has information from the stacks. A unique identifier for each truck visit links the
two databases at VIG. However, at NIT the truck visit identifier is not the same for the two
databases and therefore it is not possible to link stack transactions to gate transactions.
Furthermore, since chassis area and stacks transaction can be performed in any order, the chassis
queue state cannot be extracted from the data and state transitions cannot be computed.
Data accuracy
Time stamps are recorded in various formats in each database. Most are recorded correctly and do
not cause any problems but however there are instances where recorded time stamps are not
accurate. As an example, of roughly 300,000 truck visits to VIG during the study period, about
30,000 (10%) have time stamps such that when calculating turn times, the turn time is either
negative, over twelve hours, or either ingate or outgate time are missing. When computing average
turn times and state transitions, these instances can be filtered out since it is obvious that a truck
cannot spend negative time at the terminal or leave without entering. However, there are issues
with any filtering approach. The most important one is that even though data collected on these
visits was bad, it was still an actual visit with the port personnel providing services to the driver.
The experience of these drivers contribute to the terminals overall customer experience. The
reasons for bad data can be various and difficult to track. In a worst case scenario, the bad data is
due to anomalies in the visit, such as trouble with paperwork or cargo and a need for drivers to
seek assistance. In that case, these 10% of visits might have a disproportionally high effect on
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overall customer experience as drivers tend to weigh a long and complex visit heavier than a
shorter business-as-usual visit. Still these visits are not included in performance measurements
meant to represent the efficiency of operations, such as daily average turn time.
Data completeness
The data utilized to analyze factors contributing to length of turn times was not exclusively
collected for this purpose. Some of the data were in the past collected for a purpose but have since
become obsolete. A field for the information still exists in the database and is sometimes filled out
and sometimes not, based on whoever is entering the information. When an analyst who is not
necessarily in direct communication with the persons entering the data this might create confusion
when data is treated as it was accurate while it is in fact only partially complete. This issue has
been addressed by other researchers in the field of risk and uncertainty (Connelly et al. 2016).
Deficient metrics
As discussed before, the daily average turn time is the main performance metric used for port
drayage operations. The metric is good to exemplify daily throughput but falls short on being a
comprehensive representation of terminal efficiency. There are two main perspectives to consider
when measuring truck operations at marine terminals: the perspective of the terminal operator and
the perspective of the truck driver. Both benefit from a fast throughput and as few trouble visits as
possible. A good performance metric should represent the goals and objective of the system it
represents (Gibson et al., 2016). Using the average of turn times presents several considerations.
The turn times are not symmetrically distributed around the average since they are bounded below
by zero but can take values several hours longer than the average of around 60 minutes. This means
that the median, which can be thought to represent a typical visit, is lower than the average. More
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concerning is that it is possible that the satisfaction of drivers is not driven by a typical visit but
rather an atypical visit. The average does not distinguish between a hypothetical day where all
trucks have turn times close to the average and one where half of trucks have a very short turn time
and the other half have a very long one. If a goal of operations is to improve customer satisfaction,
the performance metrics need to address these longest turn times.
Choosing new metrics
The uncertainty incurred by using average as a performance metric can be partially addressed by
adding another metric or metrics and considering the combinations of performance metrics. A
metric that is less sensitive to large outliers while still addressing the goal of keeping turn times
under 60 minutes is the proportion of turn times under a threshold value. The benefit of proportion
under/over a threshold value is that it gives a clearer indication of how many visits meet the
criterion for what could be considered an efficient visit, and complementary, how many visits did
not meet the criterion. On the other hand, if the goal is to portray a typical visit, the median could
be a better option. Another downside is that when more performance metrics are added, ranking
based on the metrics gets more complicated and trade-offs between metric might be necessary to
establish a preference order.
User interface
The performance metrics discussed so far, average, proportion under/over a threshold, and median,
are limited by their dimensionality as they aggregate data into a single number. Various forms of
visualization can provide more complete insight into truck turn times. Figure 12 illustrates a
sample interface for turn time efficiency. The interface shows three numeric metrics: the average
turn time, the proportion of truck visits with turn times under 60 minutes, and the proportion of
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trucks with turn times under 75 minutes. The 60 minute threshold is chosen to represent the goal
of turn times being less than an hour. The 75 minute threshold is chosen to account for turn times
that do not meet the 60 minute threshold but might still not be considered excessively long, thus
eliminating some of the ambiguity in the choice of thresholds. In addition the interface has two
graphics. The first is a histogram showing the distribution of turn times and the second shows the
average turn time per hour. For the sample day in Figure 9-2, the histogram reveals that the most
populated bin was 24-36 minutes, which is lower than the daily average of 39 minutes. 84% of
visits were under an hour and 93% under 75 minutes. There are however a few very long turn
times and details on these visits should be investigated. The second graphic shows that turn times
were fairly stable from the morning until mid-afternoon when decreasing until gates close at 18:00.
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Figure 9-2. Sample interface for truck turn time, displaying the distribution of the length of turn
times, time series of average turn time by hour, as well as three metrics: daily average turn time,
proportion of turn times under 60 minutes and proportion of turn times under 75 minutes.
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Boundaries of analysis
The methodology presented in the dissertation is flexible and can be fitted to a variety of
scheduling problems. However, there are instances when the boundaries of applicability are
reached. When implementing the methods it is important to be aware of limitations that can
mislead the results and their implications.
The disruption coefficient, as defined in Chapter 3, should not be viewed in isolation and must
always be viewed in the context of other system characteristics. The strength of the disruption
coefficient is that is quantifies the lack of overlap of some performance between two scenarios.
The philosophical motivation for it is that “normal” performance is characterizes by a distribution
rather than an expected value and a change in the distribution is more impactful to system
stakeholders than variations within the baseline distribution. However, a limitation of the
coefficient is that its upper bounds at a value of 1 is defined as no overlap between the two
distributions or sets under consideration. Thus, once the disruption reaches 1, the coefficient does
not extends to further disruptions. Figure 9-3 demonstrates an example with a baseline
performance and two disrupted performances. The disruption coefficient for both is 1 but as is
evident by the graph “Disruption 2” can be descried as “more disrupted” by the deviation in
performance. Thus it important, when using the methods of this dissertation to inform decisions
and policy, that multiple criteria beyond the disruption coefficient are considered. This is
exemplified in the demonstrations where the absolute values of performance measures are reported
as well as the disruption coefficient.
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Figure 9-3. Illustrative example of limitations of disruption coefficient when disruption reaches a
value of 1.
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Another limitation arises, in the vessel berth scheduling, when constraints are put on maximum
delay of vessels. It is possible to have a set of arrivals such that it is not possible to berth all vessels
within the time frame constrained by the maximum delay between arrivals and time of berthing.
In that case, the optimization problem is infeasible. Thus, for each scenario run (each Monte Carlo
simulation run) there are infeasible instances. When there is no maximum delay, rather a penalty
cost for late berthing, infeasible solutions can be caused by vessels arriving too late to be finished
handling within the time frame of the optimization. Most often, this is a small proportion but can
be thought of as an indication of the confidence that can be placed in the results, or how frequently
the approach fails to tackle a situation that can arise in the real world.
Table 9-2 contains the proportions of feasible instances for the 36 disruptions analyzed in
chapter 5 about operations disruptions. In general there is a higher proportion of instances in
disruptions when the container volumes are disrupted.
In addition, running a large number of simulations can be expensive in terms of computing
resources. Efficient algorithms can drastically reduce the time it takes to solve an instance of a
mixed-integer linear program, however it is an NP-complete problem and can in the worst case
scenario have an exponential time complexity. With limited computing resources it may therefore
be necessary to put use an approximation of the optimal solution, limit running time of each
instance, or make other tradeoffs between accuracy and efficiency.
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Table 9-2. Proportion of feasible instances in the 36 operations disruptions discussed in chapter
5.
Disruption Proportion of infeasible instances
0
0.96
1
0.97
2
0.97
3
0.96
4
0.96
5
0.86
6
0.78
7
0.82
8
0.77
9
0.74
10
0.73
11
0.76
12
0.78
13
0.96
14
0.97
15
0.96
16
0.97
17
0.97
18
0.96
20
0.97
21
0.97
22
0.97
23
0.96
24
0.97
25
0.82
26
0.86
27
0.96
28
0.96
29
0.91
30
0.96
31
0.95
32
0.89
33
0.94
34
0.90
35
0.83
36
0.86
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The data inputs to the vessel berth scheduling discussed in Chapters 4-8 assume simple
relationships between some key variables. For example does handling time increase linearly with
number of containers handled, the per-unit-cost of handling is invariant to number of containers
handled (both by vessel and by terminal), and vessel arrival delays are independent between
vessels. In reality, it is possible that once the number of containers pass a critical point, operations
become slower and marginally more expensive. Vessel arrival delays are likely to be
interdependent as conditions such as weather or slowdowns in previous ports affect multiple
consecutive vessels. Future work should statistically explore the interdependencies between input
variables and how that impacts the methodology.
The appropriateness of input data is fundamental to the success of the methodologies of this
dissertation. An element of the methodology is to use historical data as a baseline for future
planning before adding disruptions that may be supported by subjective projections and anticipated
policies. Deciding the data to use to fit the distributions of input variables requires some
consideration. On one hand, if little data is available, confidence in the fit might be an issue.
Hypothesis testing for linear regression can be helpful deciding whether the information contained
in the data is enough to warrant the correlation of variables such as handling time and number of
containers. On the other hand, if data is available for a long period into the past, the applicability
of older data could pose challenges. For example, if a port updates facilities, buys more efficient
cranes, adds a terminal, or other drastic changes, it might be questionable whether data from the
period before that update should be included. Thus selecting the appropriate data for the baseline
model is a non-trivial problem. Bayesian statistics offer methods that can help the selection of
appropriate data. Using Bayes theorem, new information collected can be used to update the prior
input distributions.
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Potential benefits of application
The methodology is developed to be applied in enterprise scheduling, most specifically vessel
berth scheduling at container ports. It leverages the large amounts of operations data collected for
various purposes, with techniques of applied mathematics, statistics, operations research, and risk
analysis, all guided by holistic systems engineering principles. The models developed are meant
to be realistic, even though they do not perfectly describe reality, so they can be used to make
meaningful, data-driven decisions.
The baseline vessel berth schedule model outlined in Chapter 4, and further developed in
Chapters 5-7, is based on a sample vessel schedule at the Port of Virginia. A goal is to improve
that sample schedule in terms of key performance, such as operations cost, delays, and others.
Figure 9-3 illustrates the comparison between model-informed schedule options from Chapter 7
and the sample schedule, in terms of mean operations cost and mean delays. The cost and delays
are evaluated in a Monte Carlo simulation over random vessel arrival times, handling times and
number of containers. As the figure demonstrates, the cost of the sample schedule is higher than
for all the model-informed schedule option, however the sample schedule performs close to the
best options in terms of delays.
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Figure 9-4. Comparison of model-informed schedule options (blue) to performance of sample
schedule (orange).
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Figure 9-5 and Figure 9-6 shows another perspective than Figure 9-4. Here, only schedule
options with a mean delay shorter than the sample schedule are shown. This reduces the number
of schedule options from 8305 to 7. The remaining schedule options have a mean cost of $150,000$200,000 per week lower than the sample schedule. In other words, the results from the modeling
have the potential to reduce operations cost at the organization by up to $200,000 per week (~$10
million annually) while not compromising on another main objective, vessel delays. Figure 9-5
shows the performance of 7 schedule options and the sample schedule with ranges showing the
maximum and minimum as well as the mean of the operational cost and delay measures. The delay
ranges are similar for all schedule options and the sample schedule. The cost ranges have
significant overlap, however the ranges for the 7 modeled schedule options are shifted towards
lower cost. Figure 9-6 shows the distributions for the operational cost of the sample schedule and
the 7 schedule options. The sample schedule distribution is shifted relatively towards higher cost.
It is partially disrupted with the disruption coefficient of the schedule options around 0.5. The
interpretation of those values mean that in half of weeks in the long run operations according to
one of the schedule options would perform better in cost than with the sample schedule.
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Figure 9-5. Comparison of model-informed schedule options (blue) to performance of sample
schedule (orange) when schedule options are filtered to those with less delays than the sample.
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Figure 9-6. Cost distributions of sample schedule and 7 schedule options, filtered so that
schedule options have lower mean delay than sample schedule.
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The savings demonstrated above could be transformative for any port, or other organization, if
the schedule options can be implemented. However, future research should focus on including a
more complete set of requirements and costs. For instance, most vessels calling at the port are parts
of larger alliances that share some services, routing, and resources (similar to airline codeshares).
One significant operations consideration not included in the scheduling model is cost associated
with empty containers. Alliances store empty containers at port terminals and the port operators
charge a fee for this service. The empties are then sometimes loaded on vessels to be moved to
another port where there is demand for empty containers. In general, containers can go on any
vessel of the particular alliance. Thus it is desirable to schedule multiple or all vessels of the same
alliance at the same terminal. Otherwise the port has to hire a truck to move empties between
terminals which decreases the profit from storage of empty containers. Including the costs and
revenues from empty container storage and handling should be a major direction of future research.
The methodology and modeling approach of the dissertation is flexible and can be
implemented for a variety of processes. However, there is great potential within container port
operations. In addition to the Port of Virginia there are over 20 container ports in the United States,
on the East, West, and Gulf Coasts. Table 9-3 summarizes volume and the number of container
terminals at the busiest container ports in the United States (American Association of Port
Authorities, 2017). The Port of Virginia ranks 6th in terms of volume. Most ports, with the
exception of Port of Savannah have more than one container terminal and face the same challenges
of scheduling vessels to particular terminals that have different specifications, capacities, and
costs. The methods of the dissertation could be of interest to operators at each of these ports, as
well as other container ports worldwide.
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Table 9-3. Top US container ports by volume handled and number of container terminals within
port (American Association of Port Authorities, 2017).
Port

Number of container 2017 volume

Source of terminal

terminals

information

(million TEUs)

Port of Los Angeles

8

8.9

(Port of Los Angeles, 2018)

Port of Long Beach

6

6.8

(Port of Long Beach, 2018)

Port of NY-NJ

6

6.7

(Port of New York and New
Jersey, 2019)

Port of Savannah

1

4.0

(Georgia Ports, 2015)

Port of

8

3.7

(Northwest

Seattle/Tacoma

Seaport

Alliance, 2018)

Port of Virginia

3

2.8

(Port of Virginia, 2019)

Port of Houston

2

2.4

(Port Houston, 2019)

Port of Oakland

3

2.4

(Oakland Seaport, 2019)

Port of Charleston

2

2.2

(South Carolina Ports, 2019)
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Summary
This chapter has described several topics related to the dissertation. Particularly, model testing and
evaluation, uncertainty in modeling, and boundaries of modeling are discussed, as well as potential
benefits of applying the methods of the dissertation to container port scheduling.
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Chapter 10

Summary and conclusion
Overview
This chapter summarizes the research contributions of the dissertation, discusses publications and
presentations relevant to the effort, and proposes avenues for future work.

Review of research contributions
The dual control problem, balancing the knowledge acquisition and driving system performance,
was introduced in the motivation for this research effort. The modeling framework developed in
this dissertation supports the underlying philosophy of dual control or the exploitation/exploration
tradeoff in machine learning. Throughout the dissertation, efforts have focused on either i)
collecting information or learning about how the system schedules are impacted by various
disruptions, or ii) devising strategies to make the best schedules possible. In other words, taken
together the framework aims to maximize the utility of schedules (e.g. minimizing cost), under
current conditions and under a variety of emergent and future conditions. This is achieved by
exploring multiple objectives (in particular Chapter 6), multiple inputs and parameters (in
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particular Chapter 5), as well as leveraging best current information to make robust decisions (in
particular Chapter 7). Real-world systems, such as a container port, are complex so describing
them with single equations or models in insufficient. Thus, the framework should be viewed as a
human in the loop decision aiding process, where the models and results of analyses inform and
are used to formulate recommendations in conjunction with system stakeholders and subject matter
experts.
This dissertation makes contributions to the theory, methods, and applications of systems
engineering and risk analysis. The contributions are illustrated throughout the dissertation and
summarized as follows:
Contribution 1: Modeling framework for scheduling with stochastic model elements.
The framework is introduced in Chapter 3 and further developed and discussed throughout the
dissertations. Representing and analyzing systems with the schedules that drive their functions
extends the systems engineering paradigm and addresses underlying objectives and
interconnectedness among system elements. The framework combines a mixed-integer linear
model and Monte Carlo simulation to assign system elements to locations and times given a
set of requirements. The framework extends the theory and methods of the generalized
assignment model by including random input and decision variables. Most relevant
publications: Thorisson et al. 2019a, Thorisson et al. 2019b.
Contribution 2: Quantification of schedule disruptions for risk comparisons.
Development of measures that quantify disruptions of both schedule assignments and schedule
performance. The measures have a theoretical foundation in probability, set theory,
information theory, and others. They contribute to theory by quantifying the level (fully
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disrupted, partially disrupted, not disrupted) of disruption of probabilistic schedules and
performances. The measures are defined in Chapter 3 and demonstrated and discussed
throughout the dissertation. Most relevant publications: Thorisson et al. 2019a, Thorisson et
al. 2018, Thorisson et al. 2017.
Contribution 3: Model-informed operational disruption analysis.
Applying the modeling framework to evaluate impacts of operational disruptions to
scheduling. The operations disruption analysis is discussed in Chapter 5. The analysis applies
risk analysis principles to scheduling framework to collect information about a marine
container port when subjected to a set of various emergent and future conditions. Most relevant
publication: Thorisson et al. 2019a.
Contribution 4: Model-informed tradeoff analysis of schedules.
Leveraging modeling framework to balance the multiple objectives of stakeholders, including
schedule operational costs, delays, and robustness. The tradeoffs of multiple objectives are
discussed in Chapter 6. The chapter contributes to multiple objective decision making by
demonstrating how schedules can simultaneously minimize operational cost and delays by
accepting lower robustness of the schedule assignments. Most relevant publication in
preparation.
Contribution 5: Model-informed schedule option development.
Enumeration, filtering, and evaluation of deterministic schedule options based on the outputs
of the modeling framework. The schedule option development is described in Chapter 7.
Developing deterministic schedule options can be useful when the time frame of decision
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making is different than the time frame of the optimization setup. The chapter demonstrates
how to exploit the outcomes of the modeling framework in practical situations. Most relevant
publication: Thorisson et al. 2019b.
Contribution 6: Demonstration of modeling framework for a marine container port system.
The framework is implemented for the berthing of container vessels at the Port of Virginia,
USA. The demonstration is covered in Chapters 4-8. The results demonstrate that utilizing the
modeling framework for vessel berth scheduling at the three container terminals of the port has
the potential to lower operational cost of berthing by up to $200,000 per week without adding
significantly to the delays incurred by vessels. The cost savings could be even higher if delays
are compromised. Analysis of truck operations resulted in a new key performance indicator
being added to the weekly operations report presented to the board of the organization.

Publications and presentations
The research described in this dissertation is the culmination of efforts carried out over the years
2014-2019. The results, theoretical, and methodological contributions have been disseminated in
archival journal papers, academic conference proceedings, scientific book chapters, and oral and
poster presentations at international conferences and workshops. This section lists these
publications and presentations. The research appears in publications and conferences of several
academic and professional societies, respecting its cross-disciplinary nature, including the IEEE,
the Society for Risk Analysis (SRA), the International Council on Systems Engineering
(INCOSE), the American Society of Civil Engineers (ASCE), the American Society of Mechanical
Engineers (ASME), the European Safety and Reliability Association (ESRA), International Risk
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San Diego, CA, USA. December 2016.
Thorisson, H., J.H. Lambert, R.D. Ditmer. Interactions of risk analysis and policy making in
infrastructure planning in developing countries. Presented at SRA-Europe Conference
2016. Bath, UK. June 2016.
Thorisson, H., J.H. Lambert. Prioritizing investment risks and opportunities for the power grid in
a volatile post-conflict region. Presented at Society for Risk Analysis Annual Meeting.
Arlington, VA, USA. December 2015.
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Thorisson, H., E.B. Connelly, L.J. Valverde, J.H. Lambert. Risk-informed evaluation of
infrastructure project portfolios subject to variable uncertainties. Presented at International
Conference on Multiple Criteria Decision Making 2015. Hamburg, Germany, August
2015.
Thorisson, H., E.B. Connelly, L.J. Valverde, J.H. Lambert. Risk-mitigating resource allocation
for waterway infrastructure systems. Presented at MPE2013+ Workshop on Natural
Disasters. Atlanta, GA, USA. May 2015.

Future work
The efforts presented in this dissertation give rise to several possible avenues of future research.
The complexity of the demonstrations leave room for advancements in theory and methodology in
the domain of port scheduling and opportunities for further applications are plentiful.
The scheduling approach with optimization and simulation can be nested into an algorithm that
iteratively aims at reducing the uncertainty about decision variables (increase the schedule
information gain). Weights, derived from assignment probabilities in the previous iteration, could
reward particular vessel to terminal assignments and penalize others. This would be balanced by
limiting increases in cost (or other objectives) which could also be used as a stopping criterion.
This approach has the objective of increasing the schedule information gain, while relaxing the
cost minimization and other objectives.
The contribution of the scheduling approach in negotiations could be significant if developed
further and integrated with the theory and methods of social and behavioral sciences. The emphasis
on exploring the tradeoffs between different operations regimes, perspectives, and filtering of
candidate schedule options gives various stakeholders information that can be leveraged to
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negotiate a schedule that is beneficial to all (Gosavi et al. 2015). This would require a higher level
of input from stakeholders and more subjectivity in choosing and ranking preferences, objectives,
and other driving elements of the methodology.
The methods have been demonstrated for scheduling at a container port but domains of
application are numerous. Some might require additional or a different set of requirements but are
based on the foundation laid out in this dissertation. Examples of topics include job scheduling in
manufacturing, rostering in hospitals (scheduling shifts for nurses, doctors, and other personnel),
budget allocation across public agencies or departments, and many other resource allocation and
scheduling applications.

Summary
This chapter has summarized the research contributions, listed publications and presentations
related to the effort, and identified areas of future work. Figure 10-1 illustrates the milestones of
the dissertation effort which stretches from fall of 2014 until spring of 2019 and includes seven
archival journal articles, three articles in conference proceedings, and 14 presentations at
conferences.
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2014
2015
2016
2017
2018
2019
Fall Spring Summer Fall Spring Summer Fall Spring Summer Fall Spring Summer Fall Spring
Archival journal papers
ASCE Journal of Risk and Uncertainty in Engineering Systems (2016)
Risk Analysis (2017)
Reliability Engineering and System Safety (2017)
ASCE Journal of Risk and Uncertainty in Engineering Systems (2018)
Journal of Risk Research (2019)
ASME Journal of Risk and Uncertainty in Engineering Systems (2019)
Systems Engineering (2019)
Conference proceedings and presentations
IEEE SIEDS 2015
MPE2013+ Natural Disasters 2015
Multiple Criteria Decision Making 2015
SRA Annual Meeting 2015
IEEE Syscon 2016
SRA-Europe 2016
SRA Annual Meeting 2016
Intl Conference on Systems Engineering 2017
SRA Nordic 2017
European Operational Research 2018
MPE2013+ Urban Sustainability 2018
SRA Annual Meeting 2018
SRA World Congress 2019
IEEE Syscon 2019
University of Virginia Academic Progression
Start systems engineering program
MS thesis proposal
MS thesis defense
PhD comprehensive exam
PhD dissertation proposal
PhD dissertation defense

Figure 10-1. Milestones of dissertation effort.
214

References
Aherne, F. J., Thacker, N. A., & Rockett, P. I. (1998). The Bhattacharyya metric as an absolute
similarity measure for frequency coded data. Kybernetika, 34(4), 363–368.
Akinci, B., Fischen, M., & Kunz, J. (2002). Automated Generation of Work Spaces Required by
Construction Activities. Journal of Construction Engineering and Management, 128(4), 306–
315. http://doi.org/10.1061/(ASCE)0733-9364(2002)128:4(306)
Akinci, B., Fischer, M., Levitt, R., & Carlson, R. (2002). Formalization and Automation of TimeSpace Conflict Analysis. Journal of Computing in Civil Engineering, 16(April), 124–134.
http://doi.org/10.1061/(ASCE)0887-3801(2002)16:2(124)
Alaa, A. M., & Schaar, M. Van Der. (2018). Bayesian Nonparametric Causal Inference :
Information Rates and Learning Algorithms. IEEE Journal of Selected Topics in Signal
Processing, 12(5), 1031–1046.
Alattar, M. A., & Karkare, B. (2006). Simulation of Container Queues for Port Investment
Decisions. In The Sixth International Symposium on Operations Research and Its
Applications (pp. 155–167). Xinjiang, China.
Almutairi, A., Thorisson, H., Wheeler, J. P., Slutzky, D. L., & Lambert, J. H. (2018). Scenario215

based preferences in development of advanced mobile grid services and a bidirectional
charger network. ASCE-ASME Journal of Risk and Uncertainty in Engineering Systems, Part
A: Civil Engineering, 4(2). http://doi.org/10.1061/AJRUA6.0000962.
Alvarez, J. F., Longva, T., & Engebrethsen, E. S. (2010). A methodology to assess vessel berthing
and speed optimization policies. Maritime Economics & Logistics, 12(4), 327–346.
http://doi.org/10.1057/mel.2010.11
American Association of Port Authorities. (2017). NAFTA Container Port Ranking 2017.
Retrieved from http://aapa.files.cms-plus.com/Statistics/NAFTA Container Port Ranking
2017.pdf
American Export Lines. (2017). Understanding the 3 New Ocean Carrier Shipping Alliances.
Retrieved

December

10,

2017,

from

https://www.shipit.com/archives/2017/05/08/understanding-the-3-new-ocean-carriershipping-alliances/
Apostolakis, G. (1999). The distinction between aleatory & epistemic uncertainties is important:
An example from the inclusion of aging effects into PSA. In Proceedings of PSA ’99.
Washington, D.C.: American Nuclear Society.
ASCE. (2017). 2017 Infrastructure Report Card. Washington, D.C. Retrieved from
http://www.infrastructurereportcard.org/wp-content/uploads/2016/10/2017-InfrastructureReport-Card.pdf
Aven, T., Ben-Haim, Y., Andersen, H. B., Cox, T., Droguett, E. L., Greenberg, M., … Zio, E.
(2018).

Society

for

Risk

Analysis

Glossary.

http://www.sra.org/sites/default/files/pdf/SRA Glossary - FINAL.pdf
216

Retrieved

from

Ayyub, B. M. (2001). Elicitation of expert opinions for uncertainty and risks. CRC Press.
Balci, O. (1994). Validation, verification, and testing techniques throughout the life cycle of a
simulation study. In J. Tew, S. Manivannan, D. Sadowksi, & A. Seila (Eds.), Proceedings of
the 1994 Winter Simulation Conferece (pp. 121–173). http://doi.org/10.1007/BF02136828
Balci, O. (1995). Principles and techniques of simulation validation, verification, and testing. In
Simulation

Conference

Proceedings,

1995.

Winter

(pp.

147–152).

http://doi.org/10.1109/WSC.1995.478717
Bierwirth, C., & Meisel, F. (2015). A follow-up survey of berth allocation and quay crane
scheduling problems in container terminals. European Journal of Operational Research,
244(3), 675–689. http://doi.org/10.1016/j.ejor.2014.12.030
Boin, A., & McConnell, A. (2007). Preparing for critical infrastructure breakdowns: The limits of
crisis management and the need for resilience. Journal of Contingencies and Crisis
Management, 15(1), 50–59. http://doi.org/10.1111/j.1468-5973.2007.00504.x
Bratton, J., Burke, D., Ulrich, P., Laxmana, S., & Raetz, S. (2015). Wide open: how the Panama
Canal expansion is redrawing the logistics map. Boston, MA.
Brouer, B. D., Dirksen, J., Pisinger, D., Plum, C. E. M., & Vaaben, B. (2013). The Vessel Schedule
Recovery Problem (VSRP) - A MIP model for handling disruptions in liner shipping.
European

Journal

of

Operational

Research,

224(2),

362–374.

http://doi.org/10.1016/j.ejor.2012.08.016
Brugnach, M., Dewulf, A., Pahl-Wostl, C., & Taillieu, T. (2008). Toward a relational concept of
uncertainty: About knowing too little, knowing too differently, and accepting not to know.

217

Ecology and Society, 13(2). http://doi.org/30
Brugnach, M., & Ingram, H. (2012). Ambiguity: The challenge of knowing and deciding together.
Environmental Science and Policy, 15(1), 60–71. http://doi.org/10.1016/j.envsci.2011.10.005
Budipriyanto, A., Wirjodirdjo, B., Pujawan, N., & Gurning, S. (2015). Berth Allocation Problem
Under Uncertainty: A Conceptual Model using Collaborative Approach. Procedia
Manufacturing, 4(Iess), 429–437. http://doi.org/10.1016/j.promfg.2015.11.059
Buxbaum, P. (2016). Roundtable Underscores Importance of 21st Century U.S. Ports To Drive
Job Growth.
Calabrese, R., Andreeva, G., & Ansell, J. (2017). “Birds of a Feather” Fail Together: Exploring
the Nature of Dependency in SME Defaults. Risk Analysis. http://doi.org/10.1111/risa.12862
Cao, J. X., Lee, D. H., Chen, J. H., & Shi, Q. (2010). The integrated yard truck and yard crane
scheduling problem: Benders’ decomposition-based methods. Transportation Research Part
E:

Logistics

and

Transportation

Review,

46(3),

344–353.

http://doi.org/10.1016/j.tre.2009.08.012
Chankong, V., & Haimes, Y. Y. (1983). Multiobjective Decision Making: Theory and
Methodology. New York, NY: Dover.
Chatzi, E. N., Papadimitriou, C., & Beck, J. (2016). Special Issue on Uncertainty Quantification
and Propagation in Structural Systems. ASCE-ASME Journal of Risk and Uncertainty in
Engineering

Systems,

Part

A:

Civil

Engineering,

2(3),

B2016001.

http://doi.org/10.1061/AJRUA6.0000884
Choi, E., & Lee, C. (2003). Feature extraction based on the Bhattacharyya distance. Pattern
218

Recognition, 36(8), 1703–1709. http://doi.org/10.1016/S0031-3203(03)00035-9
Clemons, T. E., & Bradley, E. L. (2000). Nonparametric measure of the overlapping coefficient.
Computational Statistics and Data Analysis, 34(1), 51–61. http://doi.org/10.1016/S01679473(99)00074-2
Collier, Z. A., & Lambert, J. H. (2018). Time Management of Infrastructure Recovery Schedules
by Anticipation and Valuation of Disruptions. Journal of Risk Uncertainty in Engineering
Systems, 4(2). http://doi.org/10.1061/AJRUA6.0000961.
Condit, R., Villa, G., Muller-landau, H. C., & Losos, E. (2006). Beta-Diversity in Tropical Forest
Trees. Science, 666(2002), 666–670. http://doi.org/10.1126/science.1066854
Connelly, E. B., Colosi, L. M., Clarens, A. F., & Lambert, J. H. (2015). Risk analysis of biofuels
industry for aviation with scenario-based expert elicitation. Systems Engineering, 18(2), 178–
191.
Connelly, E. B., Thorisson, H., James Valverde, L., & Lambert, J. H. (2016). Asset Risk
Management and Resilience for Flood Control, Hydropower, and Waterways. ASCE-ASME
Journal of Risk and Uncertainty in Engineering Systems, Part A: Civil Engineering, 2(4),
04016001. http://doi.org/10.1061/AJRUA6.0000862
Conway, R., Maxwell, W., & Miller, L. (2003). Theory of scheduling (2nd ed.). Mineola, NY:
Dover.
Croux, C., & Dehon, C. (2010). Influence functions of the Spearman and Kendall correlation
measure. Statistical Methods & Applications, 19, 497–515.
Cukier-Meisner, E. (2017, March). Stuck in the MIDD-le. Biocentury. Retrieved from
219

https://www.biocentury.com/biocentury/regulation/2017-03-31/why-companies-wantflexibility-guidance-pk-modeling-tools
Deloitte.

(2017).

Analytics

Trends

2017.

Retrieved

from

https://www2.deloitte.com/ca/en/pages/deloitte-analytics/articles/deloitte-analyticstrends.html
Dhulipala, S., Rodriguez-Marek, A., & Flint, M. (2018). IMPORTANCE OF INTENSITY
MEASURE SUFFICIENCY FOR STRUCTURAL SEISMIC DEMAND HAZARD
ANALYSIS. In Eleventh U.S. National Conference on Earthquake Engineering: Integrating
Science, Engineering & Policy. Los Angeles, CA.
Di Francesco, M., Crainic, T. G., & Zuddas, P. (2009). The effect of multi-scenario policies on
empty container repositioning. Transportation Research Part E: Logistics and
Transportation Review, 45(5), 758–770. http://doi.org/10.1016/j.tre.2009.03.001
Dragovic, B., Park, N. K., & Radmilovic, Z. (2006). Ship-berth link performance evaluation:
simulation and analytical approaches. Maritime Policy & Management, 33(3), 281–299.
http://doi.org/10.1080/03088830600783277
Dulebenets, M., Deligiannis, N., Golias, M., Dasgupta, D., & Mishra, S. (2015). Berth Allocation
and Scheduling at Dedicated Marine Container Terminals with Excessive Demand. In
Transportation Research Board, 94th Annual Meeting. Washington, D.C.
Elcheikh, M., & Burrow, M. (2016). Uncertainties in Forecasting Maintenance Costs for Asset
Management: Application to an Aging Canal System. ASCE-ASME Journal of Risk and
Uncertainty in Engineering Systems, Part A: Civil Engineering, 3(Coleman), 4016014.
http://doi.org/10.1061/AJRUA6.0000890
220

Espinet, X., Schweikert, A., & Chinowsky, P. (2015). Prioritization Framework for Robust
Climate Change Adaptation Investments : Supporting Transport Infrastructure DecisionMaking under Uncertainty by. ASCE-ASME Journal of Risk and Uncertainty in Engineering
Systems, Part A: Civil Engineering, 3(1). http://doi.org/10.1061/AJRUA6.0000852.
Fang, Y., & Jiang, Y. (2018). Replacement service decisions for disruption recovery in light rail
systems. Management of Environmental Quality: An International Journal.
Feldbaum, A. A. (1960). Dual control theory. Automn Remote Control, 22, 1–12.
Filion, G. J. (2015). The signed Kolmogorov-Smirnov test: Why it should not be used.
GigaScience, 4(1), 7–9. http://doi.org/10.1186/s13742-015-0048-7
Frey, H. C., & Patil, S. R. (2002). Identification and review of sensitivity analysis methods. Risk
Analysis, 22(3), 553–578. http://doi.org/10.1111/0272-4332.00039
Friedman, A. (2017, October 10). Expanded Panama Canal Giving Importers More Options.
Sourcing Journal. Retrieved from https://sourcingjournalonline.com/expanded-panamacanal-giving-importers-more-options/
Fu, P. (2017). Dual Control in Big Data Era: An Overview. In T. Choi, J. Gao, J. H. Lambert, C.
Ng, & J. Wang (Eds.), Optimization and control for systems in the big-data era: Theory and
applications. Springer. http://doi.org/10.1007/978-3-319-53518-0
Georgia Ports. (2015). Garden City Terminal. Retrieved November 2, 2019, from
http://gaports.com/port-of-savannah/garden-city-terminal
Ghavamzadeh, M., Technion, S. M., Pineau, J., & Tamar, A. (2015). Bayesian Reinforcement
Learning : A Survey. Foundations and Trends in Machine Learning, 8(5), 359–492.
221

http://doi.org/10.1561/2200000049
Gibson, J. E., Scherer, W. T., Gibson, W. F., & Smith, M. C. (2016). How to do systems analysis:
Primer and casebook. Hoboken, New Jersey: Wiley.
Godet, M. (2000). The art of scenarios and strategic planning: Tools and pitfalls. Technological
Forecasting and Social Change, 65(1), 3–22.
Goodwin, P., & Wright, G. (2001). Enhancing strategy evaluation in scenario planning : a role for
decision analysis. Journal of Management Studies, 38(1), 1–16. http://doi.org/10.1111/14676486.00225
Google Maps. (2017). Virginia International Gateway. Retrieved January 1, 2017, from
https://www.google.com/maps/@36.8746318,-76.3571772,1595m/data=!3m1!1e3
Goren, S., & Sabuncuoglu, I. (2009). Optimization of schedule robustness and stability under
random machine breakdowns and processing time variability. IIE Transactions, 42(3), 203–
220. http://doi.org/10.1080/07408170903171035
Gosavi, A., Agarwal, S., & Dagli, C. H. (2015). Predicting response of risk-seeking systems during
project negotiations in a system of systems. IEEE Systems Journal, 1–10.
Greenland, S. (2001). Sensitivity analysis, Monte Carlo risk analysis, and Bayesian uncertainty
assessment. Risk Analysis, 21(4), 579–83. http://doi.org/10.1111/0272-4332.214136
Guorong, X., Peiqi, C., & Minhui, W. (1996). Bhattacharyya distance feature selection. In
Proceedings of the 13th International Conference on Pattern Recognition (pp. 195–199).
Vienna, Austria: IEEE.
Haimes, Y. Y. (1981). Hierarchical Holographic Modeling. IEEE Transactions on Systems, Man,
222

and Cybernetics, 11(9), 606–617. http://doi.org/10.1109/TSMC.1981.4308759
Haimes, Y. Y. (2012). Systems-Based Guiding Principles for Risk Modeling, Planning,
Assessment, Management, and Communication. Risk Analysis, 32(9), 1451–1467.
http://doi.org/10.1111/j.1539-6924.2012.01809.x
Haimes, Y. Y. (2015). Risk modeling, assessment, and management (4th ed.). Hoboken, New
Jersey: Wiley.
Hamilton, M. C., Lambert, J. H., & Valverde, L. J. (2015). Climate and related uncertainties
influencing research and development priorities. Journal of Risk Uncertainty in Engineering
Systems, 1(2). http://doi.org/10.1061/AJRUA6.0000814.
Harrison, R., Hutson, N., West, J., & Wilke, J. (2007). Characteristics of drayage operations at the
Port of Houston, Texas. Transportation Research Record, (2033), 31–37. http://doi.org/Doi
10.3141/2033-05
Hassannayebi, E., Sajedinejad, A., & Mardani, S. (2016). Disruption Management in Urban Rail
Transit System: A Simulation Based Optimization Approach. In B. U. Rai (Ed.), Handbook
of Research on Emerging Innovations in Rail Transportation Engineering (p. 31). IGI.
Hickey, A. M., & Davis, A. M. (2003). Elicitation technique selection: how do experts do it?
Proceedings. 11th IEEE International Requirements Engineering Conference, 2003., 11, 10.
http://doi.org/10.1109/ICRE.2003.1232748
Hishamuddin, H., Sarker, R. A., & Essam, D. (2013). A recovery model for a two-echelon serial
supply chain with consideration of transportation disruption. Computers and Industrial
Engineering, 64(2), 552–561. http://doi.org/10.1016/j.cie.2012.11.012

223

Homma, T., & Saltelli, A. (1996). Importance measures in global sensitivity analysis of nonlinear
models. Reliability Engineering & System Safety, 52(1), 1–17. http://doi.org/10.1016/09518320(96)00002-6
Hu, Y., Xu, B., Bard, J. F., Chi, H., & Gao, M. (2015). Optimization of multi-fleet aircraft routing
considering passenger transiting under airline disruption. Computers and Industrial
Engineering, 80, 132–144. http://doi.org/10.1016/j.cie.2014.11.026
Hua, W., & Ong, G. P. (2017). Network survivability and recoverability in urban rail transit
systems under disruption. IET Intelligent Transport Systems, 11(10), 641–648.
Hutchins, R. (2016, January 22). Port of Virginia says congestion woes behind it and it’s megaship ready. Journal of Commerce. New York, NY. Retrieved from http://www.joc.com/portnews/us-ports/port-virginia/port-virginia-says-it’s-mega-ship-ready-will-theycome_20160122.html
Huynh, N., Harder, F., Smith, D., Sharif, O., & Pham, Q. (2011). Truck Delays at Seaports.
Transportation Research Record: Journal of the Transportation Research Board, 2222, 54–
62. http://doi.org/10.3141/2222-07
Huynh, N., & Hutson, N. (2009). Mining the Sources of Delay for Dray Trucks at Container
Terminals. Transportation Research Record: Journal of the Transportation Research Board,
2066, 41–49. http://doi.org/10.3141/2066-05
iContainers.

(2015).

Top

10

US

Ports.

Retrieved

March

28,

2018,

from

https://www.icontainers.com/us/2017/05/16/top-10-us-ports/
INCOSE. (n.d.). What is systems engineering. Retrieved January 1, 2017, from

224

http://www.incose.org/AboutSE/WhatIsSE
Inman, H. F., & Bradley Jr, E. L. (1989). The overlapping coefficient as a measure of agreement
between probability distributions and point estimation of the overlap of two normal densities.
Communications in Statistics - Theory and Methods, 18(10), 3851–3874.
International Organization for Standardization. (2009). ISO 31000 - Risk management. Retrieved
from https://www.iso.org/obp/ui/#iso:std:iso:31000:ed-1:v1:en
Jaradat, R. M., Keating, C. B., & Bradley, J. M. (2017). Individual Capacity and Organizational
Competency

for

Systems

Thinking.

IEEE

Systems

Journal,

1–8.

http://doi.org/10.1109/JSYST.2017.2652218
Joyce, J. (2011). Kullback-Leibler divergance. In International Encyclopedia of Statistical Science
(pp. 720–722). Springer-Verlag Berlin Heidelberg.
Kadane, J. B., & Wolfson, L. J. (1998). Experiences in elicitation. Journal of the Royal Statistical
Society: …, 47(1), 3–19. http://doi.org/10.1111/1467-9884.00113
Karvetski, C. W., & Lambert, J. H. (2012). Evaluating deep uncertainties in strategic prioritysetting with an application to facility energy investments. Systems Engineering, 15, 483–493.
http://doi.org/10.1002/sys
Karvetski, C. W., Lambert, J. H., & Linkov, I. (2009). Emergent conditions and multiple criteria
analysis in infrastructure prioritization for developing countries. Journal of Multi-Criteria
Decision Analysis, 16, 125–137. http://doi.org/10.1002/mcda
Karvetski, C. W., Lambert, J. H., & Linkov, I. (2011). Scenario and multiple criteria decision
analysis for energy and environmental security of military and industrial installations.
225

Integrated

Environmental

Assessment

and

Management,

7(2),

228–36.

http://doi.org/10.1002/ieam.137
Katragjini, K., Vallada, E., & Ruiz, R. (2013). Flow shop rescheduling under different types of
disruption.

International

Journal

of

Production

Research,

51(3),

780–797.

http://doi.org/10.1080/00207543.2012.666856
Kiureghian, A., & Ditlevsen, O. (2007). Aleatoric or Epistemic? Does it matter? In Special
Workshop on Risk Acceptance and Risk Communication. Palo Alto, CA: Stanford University.
http://doi.org/10.1016/j.strusafe.2008.06.020
Klenske, E. D., & Hennig, P. (2016). Dual Control for Approximate Bayesian Reinforcement
Learning. The Journal of Machine Learning Research, 17(1), 4354–4383.
Kullback, S., & Leibler, R. (1951). On Information and Sufficiency. Annals of Mathematical
Statistics, 22, 79–86.
Kundakcioglu, O. E., & Alizamir, S. (2008). Generalized assignment probel. In C. A. Floudas &
P. M. Pardalos (Eds.), Encyclopedia of Optimization (pp. 1153–1162). Springer US.
http://doi.org/10.1007/978-0-387-74759-0
Lambert, J. H., Jennings, R. K., & Joshi, N. N. (2006). Integration of risk identification with
business process models. Systems Engineering, 9, 187–198. http://doi.org/10.1002/sys
Lambert, J. H., Karvetski, C. W., Spencer, D. K., Sotirin, B. J., Liberi, D. M., Zaghloul, H. H., …
Linkov, I. (2012). Prioritizing infrastructure investments in Afghanistan with multiagency
stakeholders and deep uncertainty of emergent conditions. ASCE Journal of Infrastructure
Systems, 18(2), 155–166. http://doi.org/10.1061/(ASCE)IS.1943-555X.0000078

226

Lambert, J. H., Parlak, A. I., Zhou, Q., Miller, J. S., Fontaine, M. D., Guterbock, T. M., … Thekdi,
S. A. (2013). Understanding and managing disaster evacuation on a transportation network.
Accident Analysis and Prevention, 50, 645–658. http://doi.org/10.1016/j.aap.2012.06.015
Lambert, J. H., Wu, Y.-J., You, H., Clarens, A., & Smith, B. (2013). Climate change influence to
priority setting for transportation infrastructure assets. Journal of Infrastructure Systems,
19(1), 36–46. http://doi.org/10.1061/(ASCE)IS.1943-555X.0000094
Larson, B. (2014). Meet the Overlapping Coefficient. Denver, Colorado.
Leydesdorff, L. (2008). On the normalization and visualization of author co-citation data: Salton’s
cosine versus the Jaccard index. Journal of the American Society for Information Science and
Technology, 59(1), 77–85. http://doi.org/10.1002/asi.20732
Li, C., Qi, X., & Lee, C.-Y. (2015). Disruption Recovery for a Vessel in Liner Shipping.
Transportation Science, 49(4).
Li, C., Qi, X., & Song, D. (2016). Real-time schedule recovery in liner shipping service with
regular

uncertainties

and

disruption

events.

Transportation

Research

Part

B:

Methodological, 93, 762–788. http://doi.org/10.1016/j.trb.2015.10.004
Liu, Y., Guo, H., Zhang, Z., Wang, L., Dai, Y., & Fan, Y. (2007). An optimization method based
on scenario analysis for watershed management under uncertainty. Environmental
Management, 39(5), 678–690. http://doi.org/10.1007/s00267-006-0029-9
Loh, A., Monette, S.-P., Garro, A., Burke, D., Leduc, A., & Malizia, N. (2016). Leveraging big
data

to

manage

logistics.

Retrieved

https://www.bcg.com/publications/2016/leveraging-big-data-to-manage-logistics.aspx

227

from

Lowrance, W. W. (1976). Of acceptable risk. Los Altos, CA: Kaufmann, William, Inc.
Macal, C. M. (2005). Model verification and validation. In Workshop on Threat Anticipation:
Social

Science

Methods

and

Models2.

Chicago,

IL.

http://doi.org/10.1109/WSC.2002.1172868
Maier, H. R., Guillaume, J. H. A., van Delden, H., Riddell, G. A., Haasnoot, M., & Kwakkel, J.
H. (2016). An uncertain future, deep uncertainty, scenarios, robustness and adaptation: How
do

they

fit

together?

Environmental

Modelling

and

Software,

81,

154–164.

http://doi.org/10.1016/j.envsoft.2016.03.014
Martinez, L. J., Lambert, J. H., & Karvetski, C. W. (2011). Scenario-informed multiple criteria
analysis for prioritizing investments in electricity capacity expansion. Reliability Engineering
& System Safety, 96(8), 883–891. http://doi.org/10.1016/j.ress.2011.03.007
McCabe, R. (2015, March 2). Virginia Port Authority faces a bottleneck of problems. The VirginiaPilot. Norfolk, VA. Retrieved from http://pilotonline.com/business/ports-rail/virginia-portauthority-faces-a-bottleneck-of-problems/article_b4e9cc73-d1d7-552e-aa40de5daf8477c3.html
Mofatt, & Nichol. (2016). Draft consulting engineer’s report. Long Beach, CA.
Morgan, M. G., Florig, H. K., DeKay, M. L., & Fischbeck, P. (2000). Categorizing risks for risk
ranking. Risk Analysis, 20(1), 49–58. http://doi.org/10.1111/0272-4332.00005
Northwest Seaport Alliance. (2018). Facilities guide. Retrieved November 2, 2019, from
https://www.nwseaportalliance.com/sites/default/files/nwsa_facilities_guide_with_map_0.p
df

228

O’Donovan, B., Browning, T. R., Clarkson, J., & Eckert, C. (2005). Design planning and
modeling. In J. Clarkson & C. Eckert (Eds.), Design process improvement : a review of
current practice (1st ed., p. 560). London, UK: Springer. http://doi.org/10.1007/978-184628-061-0
Oakland

Seaport.

(2019).

Oakland

Seaport.

Retrieved

November

2,

2019,

from

https://www.oaklandseaport.com/
Olea, R. A., & Pawlowsky-Glahn, V. (2009). Kolmogorov-Smirnov test for spatially correlated
data. Stochastic Environmental Research and Risk Assessment, 23(6), 749–757.
http://doi.org/10.1007/s00477-008-0255-1
Parlak, A. I., Lambert, J. H., Guterbock, T. M., & Clements, J. L. (2012). Population behavioral
scenarios influencing radiological disaster preparedness and planning. Accident Analysis and
Prevention, 48, 353–362. http://doi.org/10.1016/j.aap.2012.02.007
Paté-Cornell, M. E. (1996). Uncertainties in risk analysis: Six levels of treatment. Reliability
Engineering

&

System

Safety,

54(2–3),

95–111.

http://doi.org/10.1016/S0951-

8320(96)00067-1
Pham, Q., Huynh, N., & Xie, Y. (2011). Estimating Truck Queuing Time at Marine Terminal
Gates. Transportation Research Record: Journal of the Transportation Research Board,
2222(2222), 43–53. http://doi.org/10.3141/2222-06
Pinedo, M. (2016). Introduction. In Scheduling. Springer, Cham.
Port

Houston.

(2019).

Container

terminals.

https://porthouston.com/container-terminals/

229

Retrieved

November

2,

2019,

from

Port of Long Beach. (2018). Facts at a glance. Retrieved November 2, 2019, from
http://www.polb.com/about/facts.asp
Port of Los Angeles. (2018). Container terminals. Retrieved November 2, 2019, from
https://www.portoflosangeles.org/business/terminals/container
Port of New York and New Jersey. (2019). Containerized cargo. Retrieved November 2, 2019,
from http://www.panynj.gov/port/containerized-cargo.html
Port of Virginia. (2015). 2065 Master Plan Executive Summary. Norfolk, VA. Retrieved from
http://www.portofvirginia.com/about/master-plan/
Port

of

Virginia.

(2017).

Terminal

cameras.

Retrieved

January

1,

2017,

from

http://www.portofvirginia.com/tools/terminal-cameras/
Port

of

Virginia.

(2019).

Facilities.

Retrieved

November

2,

2019,

from

http://www.portofvirginia.com/facilities/
Quenum, A., Thorisson, H., Wu, D., & Lambert, J. H. (2019). Resilience of business strategy to
emergent

and

future

conditions.

Journal

of

Risk

Research,

1–19.

http://doi.org/10.1080/13669877.2018.1485172
Rappaport, D. I., Tambosi, L. R., & Metzger, J. P. (2015). A landscape triage approach: Combining
spatial and temporal dynamics to prioritize restoration and conservation. Journal of Applied
Ecology, 52(3), 590–601. http://doi.org/10.1111/1365-2664.12405
Robenek, T., Umang, N., & Bierlaire, M. (2012). Integrated Berth Allocation and Yard
Assignment in Bulk Ports using Column Generation. In Proceedings of Swiss Transport
Research

Conference.

Monte

Verità,
230

Ascona.

Retrieved

from

http://www.strc.ch/conferences/2012/Robenek_Umang_Bierlaire.pdf
Rodrigue, J. P. (2010). Maritime transportation: drivers for the shipping and port industries. In
OECD 2010 International Transport Forum. Leipzip, Germany.
Saltelli, A. (2017). Sensitivity Analysis. In Numbers for policy: Practical problems in
quantification. Bergen.
Saltelli, A., Ratto, M., Tarantola, S., & Campolongo, F. (2004). Sensitivity analysis practice: A
guide

to

scientific

models.

Chichester,

West

Sussex:

John

Wiley

&

Sons.

http://doi.org/10.1016/j.ress.2005.11.014
Sankaran, P. G., Sunoj, S. M., & Nair, N. U. (2016). Kullback – Leibler divergence : A quantile
approach.

Statistics

and

Probability

Letters,

111,

72–79.

http://doi.org/10.1016/j.spl.2016.01.007
Silverman, B. (1986). Density estimation for statistics and data analysis. Monographs on Statistics
and Applied Probability. Chapman & Hall/CRC. http://doi.org/10.2307/2347507
Smith, D., Harder, F., Huynh, N., Hutson, N., & Harrison, R. (2012). Analysis of Current and
Emerging Drayage Practices. Transportation Research Record: Journal of the
Transportation Research Board, 2273(1), 69–78. http://doi.org/10.3141/2273-09
South

Carolina

Ports.

(2019).

Locations.

Retrieved

November

2,

2019,

from

http://www.scspa.com/cargo/locations/
Stahlbock, R., & Voss, S. (2008). Operations research at container terminals: A literature update.
OR Spectrum, 30(1), 1–52. http://doi.org/10.1007/s00291-007-0100-9
Taleizadeh, A. A. (2017). Lot-sizing model with advance payment pricing and disruption in supply
231

under planned partial backordering. International Transactions in Operational Research,
24(4), 783–800. http://doi.org/10.1111/itor.12297
Thabet, W. Y., & Beliveau, Y. J. (1994). Modeling work space to schedule repetetive floors in
multistory buildings. Journal of Construction Engineering and Management, 120(1), 96–116.
Thacker, S., Pant, R., & Hall, J. W. (2017). System-of-systems formulation and disruption analysis
for multi-scale critical national infrastructures. Reliability Engineering and System Safety,
167(January 2015), 30–41. http://doi.org/10.1016/j.ress.2017.04.023
Thorisson, H., Alsultan, M., Hendrickson, D., Polmateer, T. L., & Lambert, J. H. (2019a).
Addressing schedule disruptions in business processes of advanced logistics systems. Systems
Engineering, 22(1), 66–79. http://doi.org/10.1002/sys.21471
Thorisson, H., Hendrickson, D., Polmateer, T. L., & Lambert, J. H. (2018). Disaggregating
Uncertainties in Operations Analysis of Intermodal Logistics Systems. ASCE-ASME Journal
of Risk and Uncertainty in Engineering Systems, Part B: Mechanical Engineering, 5(1), 10pp.
Thorisson, H., & Lambert, J. H. (2017). Multiscale identification of emergent and future conditions
along corridors of transportation networks. Reliability Engineering and System Safety, 167.
http://doi.org/10.1016/j.ress.2017.06.005
Thorisson, H., Lambert, J. H., Cardenas, J. J., & Linkov, I. (2017). Resilience Analytics with
Application

to

Power

Grid

of

a

Developing

Region.

Risk

Analysis,

37(7).

http://doi.org/10.1111/risa.12711
Thorisson, H., Pennetti, C. A., Andrews, D. J., Hendrickson, D. C., Polmateer, T. L., & Lambert,
J. H. (2019b). Systems Modeling and Optimization of Container Ship Berthing with Various

232

Enterprise Risks. In Proceedings of the 13th Annual IEEE International Systems Conference
(p. 8pp). Orlando, FL: IEEE.
Virginia Port Authority. (2015). Additional Turn Time Data Reported for NIT and VIG. Retrieved
from http://www.portofvirginia.com/additional-turn-time-data-reported-for-nit-and-vig/
Virginia

Port

Authority.

(2017).

Virginia

International

Gateway.

Retrieved

from

http://www.portofvirginia.com/facilities/vig/
Virginia Port Authority. (2018). Port of Virginia.
Walker, W. E., Harremoës, P., Rotmans, J., van der Sluijs, J. P., van Asselt, M. B. A., Janssen, P.,
& Krayer von Krauss, M. P. (2003). Defining Uncertainty: A Conceptual Basis for
Uncertainty Management in Model-Based Decision Support. Integrated Assessment, 4(1), 5–
17. http://doi.org/10.1076/iaij.4.1.5.16466
Walsh, S. N., Wildey, T. M., & Jakeman, J. D. (2018). Optimal Experimental Design Using a
Consistent Bayesian Approach. ASCE-ASME Journal of Risk and Uncertainty in Engineering
Systems, Part B: Mechanical Engineering, 4(1).
Wand, M., & Jones, M. (1995). Kernel Smoothing (1st ed.). Boca Raton, FL: Chapman &
Hall/CRC.
Wang, S., & Meng, Q. (2012). Robust schedule design for liner shipping services. Transportation
Research Part E, 48(6), 1093–1106. http://doi.org/10.1016/j.tre.2012.04.007
Whyte, J., Stasis, A., & Lindkvist, C. (2015). Managing change in the delivery of complex projects:
Configuration management, asset information and ‘big data.’ International Journal of Project
Management. http://doi.org/10.1016/j.ijproman.2015.02.006
233

Wilson, K. A., Carwardine, J., & Possingham, H. P. (2009). Setting conservation priorities. Annals
of the New York Academy of Sciences, 1162, 237–264. http://doi.org/10.1111/j.17496632.2009.04149.x
Wilson, K. A., Lulow, M., Burger, J., Fang, Y. C., Andersen, C., Olson, D., … Mcbride, M. F.
(2011). Optimal restoration: Accounting for space, time and uncertainty. Journal of Applied
Ecology, 48(3), 715–725. http://doi.org/10.1111/j.1365-2664.2011.01975.x
Wittenmark, B. (1995). Adaptive dual control methods : An overview. IFAC Proceedings
Volumes, 28(13), 67–72.
Xu, J., Lambert, J. H., & Tucker, C. J. (2014). Highway access safety program evaluation with
uncertain

parameters.

Journal

of

Transportation

Engineering,

140(2).

http://doi.org/10.1061/(ASCE)TE.1943-5436.0000631.
Xu, Y., Chen, Q., & Quan, X. (2012). Robust berth scheduling with uncertain vessel delay and
handling

time.

Annals

of

Operations

Research,

192(1),

123–140.

http://doi.org/10.1007/s10479-010-0820-0
You, H., Connelly, E. B., Lambert, J. H., & Clarens, A. F. (2014). Climate and other scenarios
disrupt priorities in several management perspectives. Environment Systems and Decisions,
34(4), 540–554. http://doi.org/10.1007/s10669-014-9525-2
You, H., Lambert, J. H., Clarens, A. F., & McFarlane, B. J. (2014). Quantifying the influence of
climate change to priorities for infrastructure projects. IEEE Transactions on Systems, Man,
and Cybernetics: Systems, 44(2), 133–145.
Young, T. (1977). Proof Without the Prejudice : Use of the Analysis of Histograms and Other

234

Kolmogorov-Smirnov From Flow. The Journal of Histochemistry and Cytochemistry, 25(7),
935–941.

235

Appendix
Create schedule by solving minimization problem
function
[results,cost_out,mout,lout,delay_out,berth_plan]
solve_proforma(a,h,ncont,ncont_all_modes,lcost)

=

%% Variable inputs
VIG_max=18000; % max nr of containers per week at VIG
NIT_max=22000; % max nr of containers per week at NIT
PMT_min=2000;
cost_max=1003000000; % max cost for berthing all vessels
%% Indices
nn = length(a);
i = 1:84;
ni = length(i);
j = 1:9;
nj = length(j);

%nr of vessels per time period
%time period index
%nr of time periods
%berthing location index
%nr of berthing locations

%% Decision variables
x = zeros(nn,nj);
j
m = zeros(nn,1);
z = zeros(nn,nn);
finishes
y = zeros(nn,nn);
a

%If x(n,j)=1 then vessel n is berthed at
%Vessel n is berthed at time m(n)
%If z(n,m)=1 then vessel m starts after n
%If y(n,m)=1 then vessel n is berthed at
%position indexed lower than m

nx=length(x(:));
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nm=length(m(:));
nz=length(z(:));
ny=length(y(:));
nd=nx+nm+nz+ny;
%% Constraints
lbx=zeros(size(x)); %lower bound of decision variables
ubx=ones(size(x)); %upper bound of decision varibles
lbm=ones(nn,1);
ubm=ni*ones(nn,1);
lbz=zeros(size(z));
ubz=ones(size(z));
lby=zeros(size(y));
uby=ones(size(y));
%% All vessels are berthed
A0=zeros(nn,nd);
b0=ones(nn,1);
for n=1:nn
Atemp=zeros(nn,nj);
Atemp(n,:)=1;
atemp=find(Atemp==1);
A0(n,atemp(:))=1;
end

𝑃

∑ 𝑥𝑛𝑝 = 1
𝑝=1

%% No overlap in time or space
B=100;
% Overlap in time
A1=zeros(nn*(nn-1),nd);
b1=zeros(nn*(nn-1),1);
count=1;
for n=1:nn
for k=1:nn
if n~=k
A1(count,nx+n)=1;
A1(count,nx+k)=-1;
Ztemp=zeros(nn,nn);
Ztemp(n,k)=1;
ztemp=find(Ztemp==1);
A1(count,nx+nm+ztemp)=B;
b1(count)=B-h(n)-1;
count=count+1;
end
end
end
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𝑡𝑘 + 𝐵(1 − 𝑧𝑛𝑘 ) ≥ 𝑡𝑛 + ℎ𝑛
𝑙𝑘 + 𝐵(1 − 𝑦𝑛𝑘 ) ≥ 𝑙𝑛 + 1
𝑧𝑛𝑘 + 𝑧𝑘𝑛 + 𝑦𝑛𝑘 + 𝑦𝑘𝑛 ≥ 1

% Overlap in space
A2=zeros(nn*(nn-1),nd);
b2=(B-1)*ones(nn*(nn-1),1);
count=1;
for n=1:nn
for k=1:nn
if n~=k
for j=1:nj
Atemp=zeros(nn,nj);
Atemp(n,j)=j;
Atemp(k,j)=-j;
A2(count,1:nn*nj)=A2(count,1:nn*nj)+Atemp(:)';
end
Ytemp=zeros(nn,nn);
Ytemp(n,k)=B;
A2(count,nx+nm+nz+1:end)=Ytemp(:);
count=count+1;
end
end
end
% Connecting A1 and A2
A3=zeros(nn*(nn-1),nd);
b3=zeros(nn*(nn-1),1);
count=1;
for n=1:nn
for k=1:nn
if n~=k
Ztemp=zeros(nn,nn);
Ztemp(n,k)=1;
Ztemp(k,n)=1;
ztemp=find(Ztemp==1);
Ytemp=zeros(nn,nn);
Ytemp(n,k)=1;
Ytemp(k,n)=1;
ytemp=find(Ytemp==1);
A3(count,nx+nm+ztemp(:))=-1;
A3(count,nx+nm+nz+ytemp(:))=-1;
b3(count)=-1;
count=count+1;
end
end
end
%% Service doesn't exceed time horizon
A4=zeros(nn,nd);
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𝑡𝑛 + ℎ𝑛 ≤ 𝑇

b4=ni*ones(nn,1)-h(:)+1;
for n=1:nn
A4(n,nx+n)=1;
end
%% Berth after arrival time
A5=zeros(nn,nd);
b5=-a(:);
for n=1:nn
A5(n,nx+n)=-1;
end

𝑡𝑛 ≥ 𝑎𝑛

%% Berth within a buffer time from arrival
A6=zeros(nn,nd);
b6=a(:)+3; %name variable, 2 means the ship can be berthed 2 time
periods after arriving
%b6=d(:)-h(:);
𝑡𝑛 ≤ 𝑎𝑛 + 𝛿
for n=1:nn
A6(n,nx+n)=1;
end
%% No more than NIT_max containers at NIT
A7=zeros(1,nd);
b7=NIT_max;
Atemp=zeros(nn,nj);
𝑁
𝑀
Atemp(:,1)=ncont_all_modes;
∑
(𝑥
∑
𝑇𝐸𝑈𝑛𝑚 ) ≤ 𝑀𝐴𝑋𝑝
𝑛𝑝
Atemp(:,2)=ncont_all_modes;
𝑚=1
𝑛=1
Atemp(:,3)=ncont_all_modes;
Atemp(:,4)=ncont_all_modes;
A7(1:nx)=Atemp(:);
%% No more than VIG_max containers at VIG
A8=zeros(1,nd);
b8=VIG_max;
𝑁
𝑀
Atemp=zeros(nn,nj);
∑ (𝑥𝑛𝑝 ∑
𝑇𝐸𝑈𝑛𝑚 ) ≤ 𝑀𝐴𝑋𝑝
Atemp(:,5)=ncont_all_modes;
𝑚=1
𝑛=1
Atemp(:,6)=ncont_all_modes;
A8(1:nx)=Atemp(:);
%% At least PMT_min containers at PMT
A9=zeros(1,nd);
b9=-PMT_min;
Atemp=zeros(nn,nj);
Atemp(:,7)=-ncont_all_modes;
Atemp(:,8)=-ncont_all_modes;
Atemp(:,9)=-ncont_all_modes;
A9(1:nx)=Atemp(:);
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𝑁

∑ (𝑥𝑛𝑝 ∑
𝑛=1

𝑀

𝑇𝐸𝑈𝑛𝑚 ) ≥ 𝑀𝐼𝑁𝑝

𝑚=1

%% ACL (Vessel 1) must be at PMT
Ax1=zeros(1,nd);
bx1=1;
Atemp=zeros(nn,nj);
Atemp(1,7:9)=1;
Ax1(1,1:nx)=Atemp(:);

𝑥1,3 = 1

%% EC1 (Vessel 12) and EC3 (Vessel 13) at same terminal
Ay1=zeros(3,nd);
by1=zeros(3,1);
%NIT
Atemp=zeros(nn,nj);
Atemp(12,1:4)=1;
Atemp(13,1:4)=-1;
Ay1(1,1:nx)=Atemp(:);
%VIG
𝑥12,𝑝 = 𝑥13 , 𝑝
Atemp=zeros(nn,nj);
Atemp(12,5:6)=1;
Atemp(13,5:6)=-1;
Ay1(2,1:nx)=Atemp(:);
%PMT
Atemp=zeros(nn,nj);
Atemp(12,7:9)=1;
Atemp(13,7:9)=-1;
Ay1(3,1:nx)=Atemp(:);

𝑇
min 𝑐𝑛𝑝
𝑥𝑛𝑝 = 𝐶
%% Objective
𝑛,𝑝
cost=zeros(nn,nj);
for n=1:nn
for j=1:nj
cost(n,j)=sum(ncont(:,n).*lcost(:,j));
end
end

%delay_cost=20000.*ones(nm,1);
%% Constraint: cost is less than cost_max
% A11=zeros(1,nd);
% b11=cost_max;
% A11(1:nx)=cost;
%% Solve problem
f=[cost(:); zeros(nm+nz+ny,1)];
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A=[A1; A2; A3; A4; A5; A6; A7; A8; A9];
b=[b1; b2; b3; b4; b5; b6; b7; b8; b9];
Aeq=[A0; Ax1];
beq=[b0; bx1];
%Aeq=[A0; Ax1; Ay1; Ay2; Ay3; Ay6; Ay7; Ay8];
%beq=[b0; bx1; by1; by2; by3; by6; by7; by8];
lb=[lbx(:);lbm(:);lbz(:);lby(:)];
ub=[ubx(:);ubm(:);ubz(:);uby(:)];
%intcon=1:nd;
%[x,fval,exitflag,output]=intlinprog(f,intcon,A,b,Aeq,beq,lb,ub)
;
%% Gurobi
Agur=[A;Aeq];
bgur=[b;beq];
sensegur=[repmat('<',[size(b),1]); repmat('=',[size(beq),1])];
% Get initial solution
% base_result=load('results_base.mat');
% startx=base_result.results.x;
try
clear model;
model.A=sparse(Agur);
model.obj=f;
model.rhs=bgur;
model.lb=lb;
model.un=ub;
model.sense=sensegur;
model.vtype='I';
model.modelsense='min';
%model.start=startx;
gurobi_write(model,'test1.lp');
clear params;
params.timelimit=300;
params.outputflag=0;
results=gurobi(model,params);
disp(results)
catch gurobiError
fprintf('Error reported\n');
end
%% Analyze results
if and(results.runtime<300,results.objbound<Inf)
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xout=zeros(nn,nj);
count=1;
for j=1:nj
for n=1:nn
xout(n,j)=round(results.x(count));
count=count+1;
end
end
cost_out=results.x(1:nx)'*cost(:);
mout=round(results.x(nx+1:nx+nm)); % time of berthing
lout=zeros(nn,1); % berthing location
for n=1:nn
lout(n)=find(xout(n,:));
end
delay_out=mout-a';
berth_plan={};
else
disp('Error/no solution/infeasible')
mout=zeros(nn,1)-1;
lout=zeros(nn,1)-1;
cost_out=0;
delay_out=zeros(nn,1)-1;
berth_plan={};
Crane_need={};
results={};
end

Set up and run instances of random inputs
% Run niterations experiments with different volume and handling
time
%load('arrival_distribution.mat');
niterations=500;
nn=31; %nr vessels
Vessel_Names={'ACL' 'AL1' 'AL3' 'AL6' 'ATL1-L'
'ATL2' 'ATL-D'
'Loop1' ...
'Loop2' 'Loop3' 'Loop5' 'EC1' 'EC3' 'EC4' 'EC5' ...
'EIS/Indamex' 'MD/ECSA' 'MECL' 'MEDUSEC' 'SAE' ...
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...

'SAF' 'Tango' 'TAT1' 'TAT2' 'Turkon' 'USEC1/TP11' 'USEC2/TP12'
'USEC5/TP16' 'Z7S' 'ZCA' 'ZCP'};

%Can make one berth at VIG expensive to simulate it's closed
lcost = [104.91 104.91 104.91 104.91 74.68 74.68 131.24 131.24
131.24; ...
164.41 164.41 164.41 164.41 92.71 92.71 157.57 157.57 157.57;
...
176.83 176.83 176.83 176.83 109.21 109.21 299.95 299.95
299.95]; %cost per container at each location
% Nr of containers per vessel
ncont = [163 110 0; 496 0 291; 229 0 134; 800 0 125; 667 306 27;
...
152 40 0; 387 0 13; 995 70 158; 985 0 400; 1180 214 262; ...
2197 650 1350; 868 0 509; 2170 0 1274; 930 0 546; 620 0 364;
...
391 64 400; 564 260 76; 418 180 17; 527 118 6; ...
195 15 0; 106 95 3; 365 0 324; 588 14 282; 999 22 479; ...
183 0 3; 400 600 50; 1488 284 187; 700 300 0; 502 0 132; ...
205 0 208; 161 0 30]';
ncont_all = sum(ncont,1);
% Coefficient of variation of container volume
cv_ncont = [0.714285714 0.416666667 0.285714286 0.476190476
0.833333333 ...
0.625 0.546448087 0.714285714 0.158730159 0.178571429 0.714285714
...
0.3125 0.25 0.017857143 0.212765957 0.119047619 0.303030303
0.714285714 ...
0.714285714 0.2 0.526315789 0.238095238 0.555555556 0.068493151
...
0.322580645 0.434782609 0.416666667 0.41 0.390221096 0.108831946
0.381992305 ...];
% Standard deviation of container volume
std_ncont = cv_ncont.*ncont_all;
%% Probability distributions
npd1
=
makedist('Normal','mu',sum(ncont(:,1)),'sigma',std_ncont(1));
npd2
=
makedist('Normal','mu',sum(ncont(:,2)),'sigma',std_ncont(2));
npd3
=
makedist('Normal','mu',sum(ncont(:,3)),'sigma',std_ncont(3));
npd4
=
makedist('Normal','mu',sum(ncont(:,4)),'sigma',std_ncont(4));
npd5
=
makedist('Normal','mu',sum(ncont(:,5)),'sigma',std_ncont(5));
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npd6
makedist('Normal','mu',sum(ncont(:,6)),'sigma',std_ncont(6));
npd7
makedist('Normal','mu',sum(ncont(:,7)),'sigma',std_ncont(7));
npd8
makedist('Normal','mu',sum(ncont(:,8)),'sigma',std_ncont(8));
npd9
makedist('Normal','mu',sum(ncont(:,9)),'sigma',std_ncont(9));
npd10
makedist('Normal','mu',sum(ncont(:,10)),'sigma',std_ncont(10));
npd11
makedist('Normal','mu',sum(ncont(:,11)),'sigma',std_ncont(11));
npd12
makedist('Normal','mu',sum(ncont(:,12)),'sigma',std_ncont(12));
npd13
makedist('Normal','mu',sum(ncont(:,13)),'sigma',std_ncont(13));
npd14
makedist('Normal','mu',sum(ncont(:,14)),'sigma',std_ncont(14));
npd15
makedist('Normal','mu',sum(ncont(:,15)),'sigma',std_ncont(15));
npd16
makedist('Normal','mu',sum(ncont(:,16)),'sigma',std_ncont(16));
npd17
makedist('Normal','mu',sum(ncont(:,17)),'sigma',std_ncont(17));
npd18
makedist('Normal','mu',sum(ncont(:,18)),'sigma',std_ncont(18));
npd19
makedist('Normal','mu',sum(ncont(:,19)),'sigma',std_ncont(19));
npd20
makedist('Normal','mu',sum(ncont(:,20)),'sigma',std_ncont(20));
npd21
makedist('Normal','mu',sum(ncont(:,21)),'sigma',std_ncont(21));
npd22
makedist('Normal','mu',sum(ncont(:,22)),'sigma',std_ncont(22));
npd23
makedist('Normal','mu',sum(ncont(:,23)),'sigma',std_ncont(23));
npd24
makedist('Normal','mu',sum(ncont(:,24)),'sigma',std_ncont(24));
npd25
makedist('Normal','mu',sum(ncont(:,25)),'sigma',std_ncont(25));
npd26
makedist('Normal','mu',sum(ncont(:,26)),'sigma',std_ncont(26));
npd27
makedist('Normal','mu',sum(ncont(:,27)),'sigma',std_ncont(27));
npd28
makedist('Normal','mu',sum(ncont(:,28)),'sigma',std_ncont(28));
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npd29
=
makedist('Normal','mu',sum(ncont(:,29)),'sigma',std_ncont(29));
npd30
=
makedist('Normal','mu',sum(ncont(:,30)),'sigma',std_ncont(30));
npd31
=
makedist('Normal','mu',sum(ncont(:,31)),'sigma',std_ncont(31));
scale_pd=0.30;
npd1
=
truncate(npd1,(1scale_pd)*sum(ncont(:,1)),(1+scale_pd)*sum(ncont(:,1)));
npd2
=
truncate(npd2,(1scale_pd)*sum(ncont(:,2)),(1+scale_pd)*sum(ncont(:,2)));
npd3
=
truncate(npd3,(1scale_pd)*sum(ncont(:,3)),(1+scale_pd)*sum(ncont(:,3)));
npd4
=
truncate(npd4,(1scale_pd)*sum(ncont(:,4)),(1+scale_pd)*sum(ncont(:,4)));
npd5
=
truncate(npd5,(1scale_pd)*sum(ncont(:,5)),(1+scale_pd)*sum(ncont(:,5)));
npd6
=
truncate(npd6,(1scale_pd)*sum(ncont(:,6)),(1+scale_pd)*sum(ncont(:,6)));
npd7
=
truncate(npd7,(1scale_pd)*sum(ncont(:,7)),(1+scale_pd)*sum(ncont(:,7)));
npd8
=
truncate(npd8,(1scale_pd)*sum(ncont(:,8)),(1+scale_pd)*sum(ncont(:,8)));
npd9
=
truncate(npd9,(1scale_pd)*sum(ncont(:,9)),(1+scale_pd)*sum(ncont(:,9)));
npd10
=
truncate(npd10,(1scale_pd)*sum(ncont(:,10)),(1+scale_pd)*sum(ncont(:,10)));
npd11
=
truncate(npd11,(1scale_pd)*sum(ncont(:,11)),(1+scale_pd)*sum(ncont(:,11)));
npd12
=
truncate(npd12,(1scale_pd)*sum(ncont(:,12)),(1+scale_pd)*sum(ncont(:,12)));
npd13
=
truncate(npd13,(1scale_pd)*sum(ncont(:,13)),(1+scale_pd)*sum(ncont(:,13)));
npd14
=
truncate(npd14,(1scale_pd)*sum(ncont(:,14)),(1+scale_pd)*sum(ncont(:,14)));
npd15
=
truncate(npd15,(1scale_pd)*sum(ncont(:,15)),(1+scale_pd)*sum(ncont(:,15)));
npd16
=
truncate(npd16,(1scale_pd)*sum(ncont(:,16)),(1+scale_pd)*sum(ncont(:,16)));
npd17
=
truncate(npd17,(1scale_pd)*sum(ncont(:,17)),(1+scale_pd)*sum(ncont(:,17)));
npd18
=
truncate(npd18,(1scale_pd)*sum(ncont(:,18)),(1+scale_pd)*sum(ncont(:,18)));
npd19
=
truncate(npd19,(1scale_pd)*sum(ncont(:,19)),(1+scale_pd)*sum(ncont(:,19)));
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npd20
=
truncate(npd20,(1scale_pd)*sum(ncont(:,20)),(1+scale_pd)*sum(ncont(:,20)));
npd21
=
truncate(npd21,(1scale_pd)*sum(ncont(:,21)),(1+scale_pd)*sum(ncont(:,21)));
npd22
=
truncate(npd22,(1scale_pd)*sum(ncont(:,22)),(1+scale_pd)*sum(ncont(:,22)));
npd23
=
truncate(npd23,(1scale_pd)*sum(ncont(:,23)),(1+scale_pd)*sum(ncont(:,23)));
npd24
=
truncate(npd24,(1scale_pd)*sum(ncont(:,24)),(1+scale_pd)*sum(ncont(:,24)));
npd25
=
truncate(npd25,(1scale_pd)*sum(ncont(:,25)),(1+scale_pd)*sum(ncont(:,25)));
npd26
=
truncate(npd26,(1scale_pd)*sum(ncont(:,26)),(1+scale_pd)*sum(ncont(:,26)));
npd27
=
truncate(npd27,(1scale_pd)*sum(ncont(:,27)),(1+scale_pd)*sum(ncont(:,27)));
npd28
=
truncate(npd28,(1scale_pd)*sum(ncont(:,28)),(1+scale_pd)*sum(ncont(:,28)));
npd29
=
truncate(npd29,(1scale_pd)*sum(ncont(:,29)),(1+scale_pd)*sum(ncont(:,29)));
npd30
=
truncate(npd30,(1scale_pd)*sum(ncont(:,30)),(1+scale_pd)*sum(ncont(:,30)));
npd31
=
truncate(npd31,(1scale_pd)*sum(ncont(:,31)),(1+scale_pd)*sum(ncont(:,31)));
late_early_hours=load(‘late.mat’)
[f_lateearly,x_lateearly]=ecdf(late_early_hours);
%plot(x_lateearly,f_lateearly)
x_lateearly(1)=x_lateearly(1)-0.0001;
late_dist
=
makedist('PiecewiseLinear','x',x_lateearly','Fx',f_lateearly');

%%
results_all={};
mout_all=zeros(nn,niterations);
lout_all=zeros(nn,niterations);
cost_out=zeros(niterations,1);
delay_out=zeros(nn,niterations);
berth_plan_all={};
Crane_need_all={};
h_all=zeros(niterations,nn);
n_all=zeros(niterations,nn);
for i=1:niterations
a = [33 4 12 16 33 34 39 21 3 28 9 42 36 30 9 30 30 22 23 39
39 ...
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42 21 23 26 27 15 35 31 3 40];
late = round(random(late_dist,length(a),1)/4);
a = a+late';
a(a<1)=1;
rnd_cont
=
[random(npd1)
random(npd2)
random(npd3)
random(npd4) random(npd5) ...
random(npd6)
random(npd7)
random(npd8)
random(npd9)
random(npd10) random(npd11) ...
random(npd12) random(npd13) random(npd14) random(npd15)
random(npd16) random(npd17) ...
random(npd18) random(npd19) random(npd20) random(npd21)
random(npd22) random(npd23) ...
random(npd24) random(npd25) random(npd26) random(npd27)
random(npd28) random(npd29) ...
random(npd30) random(npd31)];
rnd_cont_norm = rnd_cont./ncont_all;
ncont_rnd=zeros(3,nn);
for k=1:nn
ncont_rnd(:,k) = round(ncont(:,k).*rnd_cont_norm(k));
end
ncont_all_modes=sum(ncont_rnd);
h
=
ceil((0.0099.*ncont_all_modes+5.3442+normrnd(0,3.21,1,nn))/4);
%estimated handling times
h = max(h,1);
h_all(i,:)=h;
n_all(i,:)=ncont_all_modes;
[resultsi,cost_outi,mouti,louti,delay_outi,berth_plani]=solve_pr
oforma(a,h,ncont_rnd,ncont_all_modes,lcost);
results_all{i}=resultsi;
mout_all(:,i)=mouti;
lout_all(:,i)=louti;
cost_out(i)=cost_outi;
delay_out(:,i)=delay_outi;
berth_plan_all{i}=berth_plani;
i
end
sol_ind=find(sum(mout_all)>0);
sol_nr=length(sol_ind)
% Terminal assignments
l_terminal=zeros(sol_nr,nn);
for i=1:sol_nr
j=sol_ind(i);
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end

l2=lout_all(1:nn,j);
terminal2=zeros(nn,1); %NIT=1, VIG=2, PMT=3
for n=1:nn
if l2(n)<=4
terminal2(n)=1;
elseif l2(n)<=6
terminal2(n)=2;
else
terminal2(n)=3;
end
end
l_terminal(i,:)=terminal2;

% Location distributions
l_distributions=zeros(nn,3);
for i=1:nn
l_distributions(i,1)=sum(l_terminal(:,i)==1)/sol_nr;
l_distributions(i,2)=sum(l_terminal(:,i)==2)/sol_nr;
l_distributions(i,3)=sum(l_terminal(:,i)==3)/sol_nr;
end
% Berth utilization
atNIT=logical(~(l_terminal-1));
atVIG=logical(~mod(l_terminal,2));
atPMT=logical(~mod(l_terminal,3));
hNIT=sum(atNIT.*h_all(sol_ind,1:nn),2);
hVIG=sum(atVIG.*h_all(sol_ind,1:nn),2);
hPMT=sum(atPMT.*h_all(sol_ind,1:nn),2);
uNIT=hNIT/(4*42);
uVIG=hVIG/(2*42);
uPMT=hPMT/(3*42);
% Volume at each terminal
volNIT=sum(atNIT.*n_all(sol_ind,1:nn),2);
volVIG=sum(atVIG.*n_all(sol_ind,1:nn),2);
volPMT=sum(atPMT.*n_all(sol_ind,1:nn),2);
% Cost
cost_all=zeros(sol_nr,1);
cost_diff=zeros(sol_nr,1);
ncont_out=zeros(sol_nr,1);
nout_temp=sum(n_all,2);
for j=1:sol_nr
i=sol_ind(j);
cost2=cost_out(i);
cost_all(j)=cost2;
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n_temp=nout_temp(i);
ncont_out(j)=n_temp;
end
cost_all_norm=cost_all./ncont_out;
% Delays
delay_all=zeros(nn,sol_nr);
for i=1:sol_nr
j=sol_ind(i);
delay_all(:,i)=delay_out(:,j);
end
delay_sum=sum(delay_all);
delay_sum=4*delay_sum(delay_sum>=0);
delay_mean_per_service=mean(delay_all,2);
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Generate schedules for evaluation
%% Create l matrix
% NIT=1, VIG=2, PMT=3
l_base = [3 2 0 1 0 0 1 1 0 1 2 0 2 0 2 2 0 0 0 0 0 2 0 0 1 2 1 3
1 2 1];
zero_ind=find(l_base==0);
nit_ind=[3 5 6 9 12 14 17 19 20 23 24];
vig_ind=[3 5 9 12 14 17 18 21 23 24];
pmt_ind=[5 6 18 19 20 21];
l_matrix=[];
%count=1;
l_temp=0;
for i3=1:2
l_base(3)=i3;
for i5=1:3
l_base(5)=i5;
for i6=1:2
l_temp=i6;
if l_temp==1
l_base(6)=1;
else
l_base(6)=3;
end
for i9=1:2
l_base(9)=i9;
for i12=1:2
l_base(12)=i12;
for i14=1:2
l_base(14)=i14;
for i17=1:2
l_base(17)=i17;
for i18=2:3
l_base(18)=i18;
for i19=1:2
l_temp=i19;
if l_temp==1
l_base(19)=1;
else
l_base(19)=3;
end
for i20=1:2
l_temp=i20;
if l_temp==1
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else

l_base(20)=1;

l_base(20)=3;
end
for i21=2:3
l_base(21)=i21;
for i23=1:2
l_base(23)=i23;
for i24=1:2
l_base(24)=i24;

%check

within number

%of

at each
length(find(l_base==1))<17
length(find(l_base==3))<6
l_matrix=[l_matrix; l_base];

end
end

end
end

end

end

end

vessels

%terminal
if
length(find(l_base==2))<17

&&

end

end

end

Setup evaluation of schedules
%% Setup
niterations=1000;
nn=31; %number of vessels
%% Load l_matrix
l_data=load('l_matrix_paper.mat');
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end

end

end

end

if

&&

l_matrix=l_data.l_matrix;
%% Setup loop
cost_all=zeros(length(l_matrix),niterations);
delay_all=zeros(length(l_matrix),niterations);
vessel_delays_all=zeros(niterations,nn,length(l_matrix));
NIT_delay_all=zeros(length(l_matrix),niterations);
VIG_delay_all=zeros(length(l_matrix),niterations);
PMT_delay_all=zeros(length(l_matrix),niterations);
for i=1:length(l_matrix)
l=l_matrix(i,:);
[cost_out,delay_out,vessel_delays_out,NIT_delay_out,VIG_delay_ou
t,PMT_delay_out]=evaluate_l_matrix_paper(l,niterations);
cost_all(i,:)=cost_out';
delay_all(i,:)=delay_out';
vessel_delays_all(:,:,i)=vessel_delays_out;
NIT_delay_all(i,:)=NIT_delay_out';
VIG_delay_all(i,:)=VIG_delay_out';
PMT_delay_all(i,:)=PMT_delay_out';
i
end

Functions for schedule evaluation
function
[cost_out,delay_out,vessel_delays_out,NIT_delay_all,VIG_delay_al
l,PMT_delay_all]=evaluate_l_matrix_paper(l,niterations)
nn=31;
nn_boundary=31;
Vessel_Names={'ACL' 'AL1' 'AL3' 'AL6' 'ATL1-L'
'ATL2' 'ATL-D'
'Loop1' ...
'Loop2' 'Loop3' 'Loop5' 'EC1' 'EC3' 'EC4' 'EC5' ...
'EIS/Indamex' 'MD/ECSA' 'MECL' 'MEDUSEC' 'SAE' ...
'SAF' 'Tango' 'TAT1' 'TAT2' 'Turkon' 'USEC1/TP11' 'USEC2/TP12'
...
'USEC5/TP16' 'Z7S' 'ZCA' 'ZCP'};
% These are the different terminal assignment schedules
% NIT=1, VIG=5, PMT=7
a = [33 4 12 16 33 34 39 42 36 30 9 30 21 3 28 9 30 22 23 39 39
...
42 21 23 26 27 15 35 31 3 40];
lcost=[104.91 74.68 131.24; 164.41 92.71 157.57; ...
176.86 109.21 299.95]';
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ncont = [163 110 0; 496 0 291; 229 0 134; 800 0 125; 667 306 27;
...
152 40 0; 387 0 13; 995 70 158; 985 0 400; 1180 214 262; ...
2197 650 1350; 868 0 509; 2170 0 1274; 930 0 546; 620 0 364;
...
391 64 400; 564 260 76; 418 180 17; 527 118 6; ...
195 15 0; 106 95 3; 365 0 324; 588 14 282; 999 22 479; ...
183 0 3; 400 600 50; 1488 284 187; 700 300 0; 502 0 132; ...
205 0 208; 161 0 30]'; %% Check multiplication factor
%% Probability distributions
gmph_dist=makedist('Triangular','a',16,'b',28,'c',39);
ncont_all = sum(ncont,1);
distributions=load(‘dist.mat’);
%%
cost_out=zeros(niterations,1);
delay_out=zeros(niterations,1);
h_out=zeros(niterations,1);
n_all=zeros(niterations,nn);
NIT_plan_all=cell(niterations,1);
VIG_plan_all=cell(niterations,1);
PMT_plan_all=cell(niterations,1);
NIT_delay_all=zeros(niterations,1);
VIG_delay_all=zeros(niterations,1);
PMT_delay_all=zeros(niterations,1);
NIT_time_out=zeros(niterations,1);
VIG_time_out=zeros(niterations,1);
PMT_time_out=zeros(niterations,1);
vessel_delays_out=zeros(niterations,nn);
for i=1:niterations
late = round(random(late_dist,length(a),1)/4);
a_rnd = a+late';
a_rnd(a_rnd<1)=1;
rnd_cont
=
[random(npd1)
random(npd4) random(npd5) ...
random(npd6)
random(npd7)
random(npd10) random(npd11) ...
random(npd12) random(npd13)
random(npd16) random(npd17) ...
random(npd18) random(npd19)
random(npd22) random(npd23) ...
random(npd24) random(npd25)
random(npd28) random(npd29) ...
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random(npd2)
random(npd8)

random(npd3)
random(npd9)

random(npd14) random(npd15)
random(npd20) random(npd21)
random(npd26) random(npd27)

random(npd30) random(npd31)];
rnd_cont_norm = rnd_cont./ncont_all;
ncont_rnd=zeros(3,nn);
for k=1:nn
ncont_rnd(:,k) = round(ncont(:,k).*rnd_cont_norm(k));
end
ncont_all_modes=sum(ncont_rnd);
n_all(i,:)=ncont_all_modes;
[costi,h_alli,delayi,vessel_delaysi,NITi,VIGi,PMTi,NIT_delayi,VI
G_delayi,PMT_delayi,NIT_timei,VIG_timei,PMT_timei]=evaluate_bert
h_paper(a_rnd,ncont_rnd,l,lcost,gmph_dist);
%
mout_all(:,i)=mouti;
cost_out(i)=costi;
delay_out(i)=delayi;
h_out(i)=h_alli;
vessel_delays_out(i,:)=vessel_delaysi;
NIT_plan_all{i,1}=NITi;
VIG_plan_all{i,1}=VIGi;
PMT_plan_all{i,1}=PMTi;
NIT_delay_all(i)=NIT_delayi;
VIG_delay_all(i)=VIG_delayi;
PMT_delay_all(i)=PMT_delayi;
NIT_time_out(i)=NIT_timei;
VIG_time_out(i)=VIG_timei;
PMT_time_out(i)=PMT_timei;
i;
end

function
[cost,h_all,delay,vessel_delays,NIT_plan,VIG_plan,PMT_plan,NIT_d
elay,VIG_delay,PMT_delay,NIT_time,VIG_time,PMT_time]=evaluate_be
rth_paper(a,ncont,l,lcost,gmph_dist)
vessel_ind=1:31;
nn=length(vessel_ind);
cost=0;
vessel_delays=zeros(1,nn);
%% NIT: Berths 1-4
NIT_ind= l==1;
NIT_a=a(NIT_ind);
NIT_ncont=ncont(:,NIT_ind);
NIT_vessels=vessel_ind(NIT_ind);
nn=length(NIT_a);
NIT_plan=zeros(4,100); %changed from 4 to 3
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% State variables
NIT_h=zeros(nn,1);
NIT_delay=0;
NIT_cost=0;
NIT_time=zeros(4,1); %changed from 4 to 3
NIT_avail=zeros(nn,1);
for i=1:nn
[a_val,a_ind]=min(NIT_a);
vessel=NIT_vessels(a_ind);
cprod=random(gmph_dist);
ncont_all=sum(NIT_ncont(:,a_ind));
if ncont_all<500
h=ceil((ncont_all/cprod)/4);
elseif and(ncont_all>=500,ncont_all<1000)
h=ceil((ncont_all/(2*cprod))/4);
elseif and(ncont_all>=1000,ncont_all<2000)
h=ceil((ncont_all/(3*cprod))/4);
elseif ncont_all>=2000
h=ceil((ncont_all/(4*cprod))/4);
end
NIT_h(vessel)=h;
n_cost=lcost(1,:)*NIT_ncont(:,a_ind); % index 1 in lcost for
NIT
NIT_cost=NIT_cost+n_cost;
avail=find(NIT_time<a_val);
NIT_avail(vessel)=sum(avail>0);
if isempty(avail)==1
[queue_val,queue_ind]=min(NIT_time);
NIT_time(queue_ind)=queue_val+h+1;
NIT_delay=NIT_delay+queue_val-a_val;
NIT_plan(queue_ind,queue_val:NIT_time)=vessel+100;
vessel_delays(vessel)=queue_val-a_val;
elseif length(avail)==1
berth=avail;
NIT_time(berth)=a_val+h+1; %adding 4 hour buffer time
NIT_plan(berth,a_val:a_val+h)=vessel;
else
berth=randsample([avail],1);
NIT_time(berth)=a_val+h+1; %adding 4 hour buffer time
NIT_plan(berth,a_val:a_val+h)=vessel;
end
NIT_a(a_ind)=[];
NIT_ncont(:,a_ind)=[];
NIT_vessels(a_ind)=[];
end
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%% VIG: Berths 5-6
VIG_ind= l==2;
VIG_a=a(VIG_ind);
VIG_ncont=ncont(:,VIG_ind);
VIG_vessels=vessel_ind(VIG_ind);
nn=length(VIG_a);
VIG_plan=zeros(2,100);
% State variables
VIG_h=zeros(nn,1);
VIG_delay=0;
VIG_cost=0;
VIG_time=zeros(2,1);
VIG_avail=zeros(nn,1);
for i=1:nn
[a_val,a_ind]=min(VIG_a);
vessel=VIG_vessels(a_ind);
cprod=random(gmph_dist);
ncont_all=sum(VIG_ncont(:,a_ind));
if ncont_all<500
h=ceil((ncont_all/(randsample([1 2],1)*cprod))/4);
elseif and(ncont_all>=500,ncont_all<1000)
h=ceil((ncont_all/(randsample([2 3],1)*cprod))/4);
elseif and(ncont_all>=1000,ncont_all<2000)
h=ceil((ncont_all/(randsample([3 4],1)*cprod))/4);
elseif ncont_all>=2000
h=ceil((ncont_all/(randsample([4 5],1)*cprod))/4);
end
VIG_h(vessel)=h;
n_cost=lcost(2,:)*VIG_ncont(:,a_ind); % index 2 in lcost for
VIG
VIG_cost=VIG_cost+n_cost;
avail=find(VIG_time<a_val);
VIG_avail(vessel)=sum(avail>0);
if isempty(avail)==1
[queue_val,queue_ind]=min(VIG_time);
VIG_time(queue_ind)=queue_val+h+1;
VIG_delay=VIG_delay+queue_val-a_val;
VIG_plan(queue_ind,queue_val:VIG_time)=vessel+100;
vessel_delays(vessel)=queue_val-a_val;
elseif length(avail)==1
berth=avail;
VIG_time(berth)=a_val+h+1; %adding 4 hour buffer time
VIG_plan(berth,a_val:a_val+h)=vessel;
else
berth=randsample([avail],1);
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VIG_time(berth)=a_val+h+1; %adding 4 hour buffer time
VIG_plan(berth,a_val:a_val+h)=vessel;
end
VIG_a(a_ind)=[];
VIG_ncont(:,a_ind)=[];
VIG_vessels(a_ind)=[];
end
%% PMT: Berths 7-9
PMT_ind= l==3;
PMT_a=a(PMT_ind);
PMT_ncont=ncont(:,PMT_ind);
PMT_vessels=vessel_ind(PMT_ind);
nn=length(PMT_a);
PMT_plan=zeros(3,100);
% State variables
PMT_h=zeros(nn,1);
PMT_delay=0;
PMT_cost=0;
PMT_time=zeros(3,1);
PMT_avail=zeros(nn,1);
for i=1:nn
[a_val,a_ind]=min(PMT_a);
vessel=PMT_vessels(a_ind);
cprod=random(gmph_dist);
ncont_all=sum(PMT_ncont(:,a_ind));
if ncont_all<500
h=ceil((ncont_all/cprod)/4);
elseif and(ncont_all>=500,ncont_all<1000)
h=ceil((ncont_all/(2*cprod))/4);
elseif and(ncont_all>=1000,ncont_all<2000)
h=ceil((ncont_all/(3*cprod))/4);
elseif ncont_all>=2000
h=ceil((ncont_all/(4*cprod))/4);
end
PMT_h(vessel)=h;
n_cost=lcost(3,:)*PMT_ncont(:,a_ind); % index 3 in lcost for
PMT
PMT_cost=PMT_cost+n_cost;
avail=find(PMT_time<a_val);
PMT_avail(vessel)=sum(avail>0);
if isempty(avail)==1
[queue_val,queue_ind]=min(PMT_time);
PMT_time(queue_ind)=queue_val+h+1;
PMT_delay=PMT_delay+queue_val-a_val;
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end

PMT_plan(queue_ind,queue_val:PMT_time)=vessel+100;
vessel_delays(vessel)=queue_val-a_val;
elseif length(avail)==1
berth=avail;
PMT_time(berth)=a_val+h+1; %adding 4 hour buffer time
PMT_plan(berth,a_val:a_val+h)=vessel;
else
berth=randsample([avail],1);
PMT_time(berth)=a_val+h+1; %adding 4 hour buffer time
PMT_plan(berth,a_val:a_val+h)=vessel;
end
PMT_a(a_ind)=[];
PMT_ncont(:,a_ind)=[];
PMT_vessels(a_ind)=[];

cost=NIT_cost+VIG_cost+PMT_cost;
h_all=sum(NIT_h)+sum(VIG_h)+sum(PMT_h);
delay=NIT_delay+VIG_delay+PMT_delay;
NIT_time=max(NIT_time)-1;
VIG_time=max(VIG_time)-1;
PMT_time=max(PMT_time)-1;
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