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1
Introduction

Barges and trains offer potential economic and environmental advantages over road
transport via economies of scale. However, in practice, this potential is partially
achieved due to operational problems. The competitive power of barges and trains
diminishes, and the market is dominated by road transport. In this thesis, we
employ an operational perspective to reveal the challenges that barges and trains
face. We concentrate on planning, which has a decisive influence on the emergence
of the problems. We study how operational planning is done, the relationship
between planning and the problems, and suggest possible improvements. We focus
on: the complexity in hinterland transport due to its multi-actor and dynamic
nature, the impact of uncertainty on barge planning at the operational level, and
how to use information better to alleviate the negative effects of uncertainty. We
analyze these challenges using qualitative and quantitative methods, and propose
solutions.
In this introduction chapter, we first provide background information on container
transport, hinterland transport and multimodal transport in Sections 1.1, 1.2, 1.3
respectively. In Section 1.4, we explain the main motivation of this research. In
Section 1.5, we list the research questions and our approach to address them.
Finally, in Section 1.6, we provide the outline of the thesis.
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1.1.

Container Transport

Globalization has led to an increase in intercontinental freight transport between
Europe, the Americas and Asia. Products are transported in large volumes with
ever-growing sized deep sea vessels between the deep sea ports such as Shanghai,
Singapore and Rotterdam. The Port of Rotterdam (PoR) is the largest deep sea port
in Europe and 11th in the world, where 469.4 million tons of cargo throughput was
realized in 2019. Its share is 36.6% of the total volume in Hamburg-Le Havre range
followed by 18.6% by Antwerp. Most of the commodities handled are liquid bulk
(45.0%), dry bulk (15.8%) and containers (32.5%) 1 . Liquid bulk and dry bulk refers
to raw materials such as crude oil and coal; whereas containers are standardized
metal boxes for storing and moving manufactured goods.
Containerization has enabled a significant improvement in freight transport in
terms of efficiency, safety, handling costs, standardization and ease of access to
multiple modes of transport (Crainic and Kim, 2007). Containerized freight volumes
are typically expressed in twenty-foot-equivalent units, with one TEU equivalent to
a standard 20 feet long, 8 feet wide and 8.6 feet high container. Containers can
be classified based on their purpose of utilization such as dry, reefer, open top, flat
rack. Among these, the most commonly used are dry containers and reefers. Dry
containers are used for items with no specific requirement, while reefers are used
for goods such as perishables (e.g. dairy products, fish) requiring controlled stable
temperature.
Freight transport activities involve a number of stakeholders with different perspectives, complex man-machine systems, means of transport ranging from huge
intercontinental liners to trucks, and sophisticated procedures. The typical lifetime
of intercontinental transport can be studied from the following perspectives:
1. Liner shipping refers to the transport leg between the major deep sea ports
(e.g. Shanghai to Rotterdam), carried out by high capacity deep sea vessels
reaching up to 23000+ TEU in order to take advantage of economies of scale.
Typical routes are Asia-Europe and Asia-North America.
2. Hinterland transport refers to the container transport between the geographical
region served by a port in proximity. Before a container is loaded to a deep sea
vessel, it has to be transported from the seller’s premises to the port of loading
1 https://www.portofrotterdam.com/sites/default/files/facts-and-figures-port-of-rotterdam.pdf
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(e.g from the supplier located in mainland China to the port of Shanghai).
Similarly, upon arrival to the port of discharge, the container needs to be
delivered to the buyer’s premises (e.g. from the port of Rotterdam to an
importer’s warehouse in Duisburg). Hinterland transport entails these import
and export flows between the deep sea port and the inland.
3. Short-sea shipping refers to using feeders with capacities ranging in 300-1000
TEU for shorter distances than liner shipping. Short-sea shipping may be
convenient when a port call by the deep sea vessel is costly, the deep sea
vessel cannot be handled due to its size and technical incapability of the
port, or because the port call is cancelled due to insufficient demand, weather
conditions or any other operational requirement. In this manner, one can still
take advantage of economies of scale without using huge vessels.

1.2.

Hinterland transport

Hinterland transport and liner shipping are firmly connected. The advances in liner
shipping and lower unit transportation costs partly subsidize the hinterland transport leg, which enlarges the economically reachable region of a port. Consequently,
the customer base grows, increasing the transport volume of shipping lines and the
throughput of a port (Ng et al., 2014).
While an increased throughput is the primary goal of a port, it causes certain
challenges and increases the pressure on hinterland transport. Due to the limited
infrastructure capacity in and around the port, congestions occur, transport times
and uncertainty increase, and service level deteriorates. As a result, planning
hinterland transport efficiently becomes crucial to preserve the service level and
sustain the competitive power of the port.
Using multiple modes of transport such as railway (i.e. trains) or inland waterway
transport (i.e. barges) has the potential to make hinterland transport more efficient.
Using trains or barges offers economic, societal and environmental advantages
compared to unimodal road transport due to economies of scale (Frémont and
Franc, 2010).

Economic advantages result from lower unit transportation costs

by barges or trains with capacities up to 150 TEU. The benefits of economies of
scale come with the expense of higher initial investments such as infrastructure
and handling equipment. Barges and trains necessitate intermediate terminals,
referred to as inland terminals, where containers are transshipped from trucks to

4
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barges or trains (and vice versa). Inland terminals offer other benefits such as short
term storage of containers or value added services such as gas measurements or
maintenance of the containers. From a societal perspective, better service and lower
costs lead to more competitive ports offering job opportunities. Noise pollution and
congestion are also reduced due to less truck circulation in proximity of the ports.
Finally, it is widely agreed that barges and trains are more environmental friendly
in terms of greenhouse gases, which is attracting an increased attention from the
public.
Despite the advantages, unimodal road transport still dominates the market. In
2015, it accounted for 50.6% of total freight transport in the European Union (EU),
followed by 32.7% with sea, 12.3% rail and 4.3% inland waterways (i.e. barges)
measured in ton-kilometers (EUROSTAT, 2015). EU declared a goal to shift 30% of
road freight over 300 km to other transport models by 2030 (European Commission,
2011). For Rotterdam, specifically, 38% of the container flow between Maasvlakte
(the largest part of the port) and the inland is transported by barges in 2020 2 . The
vision of the Port of Rotterdam is to increase the share of inland waterway transport
even more up to 45% by 2030.

1.3.

Multimodal Transport

In literature, using multiple modes of transport is associated with various terms
such as multimodal transport, intermodal transport, co-modal transport, combined
transport or synchromodal transport (SteadieSeifi et al., 2014; Reis, 2015). While they
all refer to freight transport with multiple modes and some authors use them
interchangeably, there are certain nuances. Multimodal transport is the most general
term used for transporting goods with at least two different modes. In intermodal
transport, the transportation unit is the same throughout the transportation such
as a 20-foot container.

Co-modal transport emphasizes the efficient use of each

mode in isolation and also in combination with other modes. Combined transport
is similar to co-modal transport except that the focus is on sustainability rather
than efficiency. Synchromodal transport may be defined as the efficient, flexible
and integrated planning of hinterland transportation by ‘synchronizing’ multiple
modes of transport supported by real time information sharing. It is defined more
2 https://www.portofrotterdam.com/sites/default/files/containers-facts-figures-2020-port-ofrotterdam.pdf
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recently, and can be considered to be the most advanced form of using multiple
modes in freight transport. SteadieSeifi et al. (2014) describe it as ‘the next step
after intermodal transport’.
A crucial aspect in realizing the potential advantages of multimodal transport is
planning. It plays a key role in keeping utilization rates high in order to achieve
the benefits of economies of scale. In multimodal transport the number of parties
involved increases and efficient consolidation of containers is required. Due to the
increased complexity, uncertain events such as delays, disruptions and disturbances
have more impact. When a container is delayed in road transport, the truck driver
may wait a couple of hours and deliver the container on time or with a slight
delay. When a barge (or train) is used, such a delay may affect hundreds of other
containers sharing the same vehicle. Either the barge will continue its operations
as planned and leave the container to be picked up later, or it will wait for the
container (which is unlikely). When the container is left, the upcoming operational
plans of the barge or train may need to be altered to accommodate the delayed
container, or the container will be transported by a truck. These disturbances
eventually lead to under utilization of the high capacity vehicles (i.e. barges and
trains) and undermines the core advantage of multimodal transport: unit transport
costs.
The planning problems in multimodal transport can be classified under three
hierarchical levels:

strategic, tactical and operational (SteadieSeifi et al., 2014).

Strategic problems are associated with investment decisions such as opening new
terminals or capacity expansions. Tactical problems are aimed to utilize the given
infrastructure efficiently, and related with decisions such as choosing the modes
to be operated between terminals, their schedules and frequencies based on the
aggregate demand flows. For example, Network Flow Problems and Service Network
Design Problems are typical tactical problems. Network flow problems refer to
planning the amount of transport flow between the nodes. Service network design
problems address more detailed decisions such as the departure/arrival times of
services from/to the nodes and their itineraries. Finally, operational problems
address the most granular planning decisions such as the allocation of containers
to the services, pick-up and delivery times, and transshipment decisions. These
problems received significant attention from academia and the state-of-the art
solutions are proposed.
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Yet, there is a large gap between the level of academic research and the applications
in industry. Academic solutions are employed to a very limited extent in industry.
The planning decisions are made by human planners based on their judgments or
some heuristic-based business rules. The communication is often done manually
through phone calls and emails. This leads to an increased human effort, errors,
inferior planning decisions eventually leading to low utilization rates and higher
costs.

1.4.

Motivation

An important question here is why does the industry still persist to act the way it
has done for decades? Do they simply resist change? Why do trucks still dominate
the market despite the advantages and governmental support for multimodal
transport?
These questions are partly addressed by the academia with qualitative approaches.
Caris et al. (2014) focus on inland waterway transport and discuss the research
challenges to integrate it in the intermodal supply chains. Reis et al. (2013) focus
on railway transport and discuss the barriers against combining railway transport
with road, sea and air transport. Frémont and Franc (2010) focus on the merits of
the transport modes. They compare multimodal and unimodal road transport in
hinterland transport and lists the advantages and disadvantages of each in detail.
Henttu and Multaharju (2011) analyze the costs of intermodal transport in the
Finnish context and compare it with road transport. Rodrigue and Notteboom
(2012) employ a geographical oriented approach and compare the intermodal rail
systems of North America and Europe. They discuss the as-is situation in railway
transport and the impact of policy making, public approach and the geography.
The aforementioned papers approach multimodal transport from a broad perspective and reveal its general problems or weaknesses. They do not elaborate on the
operational problems faced by transport operators in daily life that hamper the
implementation of multimodal transportation, nor do they say much about how
decision making and planning is done. For the latter (i.e. decision making and
planning algorithms), significant quantitative research exists in operations research
literature, but few papers focus on the operational level (SteadieSeifi et al., 2014).
Moreover, existing papers often overlook important factors such as multi-actor
aspects, conflicting goals between the actors and uncertainties.

1.5 Research Questions
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In this thesis we aim to fill this gap by employing an operational perspective to
study why the potential benefits of multimodal transport are not fully realized
in the hinterland transport context. We focus on the operational level where we
observe the fundamental aspects of how planning and execution is carried out.
This is the level where we can discover operational problems that represent a
barrier for the adoption of multimodal transport more concretely, search for the
underlying reasons, and develop solutions. For example, to realize high utilization
rates is crucial to make barges economically viable. When the utilization rates
are low, one needs to understand the reasons. Is it because of the poor planning
made by human planners, is it because the due dates of the containers are too
restrictive, or is it because there is not enough demand? As such, it is necessary
to deep dive into the problems and reveal the most important factors, in order to
solve them. Furthermore, our approach is practice oriented; we make a serious
attempt to address up-to-date challenges of industry and substantiate our findings
in practice. While doing so, we employ both qualitative and quantitative methods
from academia. We review the literature to position our study and benefit from
related studies with similar problems, methods or perspectives.
From an academic point of view, it is interesting to study how planning and
execution is done in reality vis-a-vis theory. We investigate: how multiple actors
increase the complexity, how uncertainty impacts the performance, and what is the
extent of this impact quantitatively. It is also of interest to research new planning
methods in order to reduce the negative effects of uncertainty, for example by using
information better.

1.5.

Research Questions

This thesis answers four research questions. The first question aims at studying
how multimodal transportation is carried out at the operational level in practice.
This requires getting information from the practitioners through interviews. In
the second question, we focus on the coordination challenges between the actors
of hinterland transport, which appear to create significant operational problems.
In the third and fourth research questions, we look at two important realities
of hinterland transport: uncertainty and dynamism.

Specifically, we analyze

the negative impact of uncertainty in container arrivals and dynamism of orders
received through time on barge planning.

Then, we address uncertainty and

8

Chapter 1. Introduction

develop a method to alleviate the negative impacts. The third and fourth research
questions require solving the complex problem of barge planning with quantitative
methods, specifically stochastic programming, simulation and decision trees.
Research question 1: How is hinterland transport executed at the operational level in
practice?
This first question is driven by the fundamental need to understand how hinterland
transport is organized and to explore current operational problems in practice. Our
practice-oriented approach focusing at the operational level helps us to find concrete
problems that have relevance to real life. A better understanding of the operational
organization of hinterland transport enforces us to ask more relevant questions,
build more realistic models, and thus develop more applicable solutions. To achieve
this goal, we conduct semi-structured interviews with practitioners and make a
literature review in the multimodal transport domain. Semi-structured interviews
is selected as the method because it allows both the exploration of many topics and
diving into the details with direct interaction with the practitioners.
Our main goal is to learn as much as we can about the practices of hinterland
transport with an emphasis on the operations. Therefore, we do not limit ourselves
to a certain argument, proposition or topic. In more granular level, the questions we
are interested to answer are as follows: Who are the actors of hinterland transport?
What are their goals? Which activities do they execute in order to pursue these
goals? What are the main limitations? Which problems they face? How do they
interact with other actors, and how does this interaction affect their actions? As
such, the output of the study requires the researcher to synthesize the findings. To
realize this, our plan is to create a framework and a model of hinterland transport,
and provide the findings through this model. To determine the details of the model,
we plan to use the literature and adjust earlier approaches for our case.
The interviews point out the continuous interaction of the actors of the hinterland
transport, and the need to have proper coordination in between. We observe that
coordination challenges emerge at the operational level, which lead to inefficiencies
and compromise the advantages of multimodal transport. These challenges are
complex in nature due to the intricate relationship between the actors and their
conflicting goals. A broad top-down approach to such problems overlooks the real
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mechanisms creating these issues, and solutions become ineffective. Therefore, it
is important to comprehend the underlying mechanisms before attempting to solve
them. This requires a systematic way of modelling and analysis, and leads to the
following research question:
Research question 2: How can we model and analyze the coordination challenges in
hinterland transport?

To answer this question, we use the framework to model coordination challenges in
hinterland transport with an emphasis on the operational level. The framework
facilitates the identification of the involved parties, which goals they pursue,
which actions they take and how they interact. We propose a method to model
coordination challenges using the framework. The model we seek is required to
illustrate the actors and their actions visually so that the important elements of a
coordination challenge can be mapped as a whole. In this sense, we consider a
representation similar to a process map depicting the activities at the operational
level. As such, the model can provide both a broader perspective by identifying the
main processes, and a more detailed look at each process by highlighting goals,
limitations and output. Further, we discuss how we can analyse such models
in depth and reveal specific insights such as inadequacy of contracts to facilitate
coordination, the dynamics of consequential planning decisions, and shortcomings
in information exchange. To demonstrate the applicability of the method, we use
the particularly tenacious barge congestion problem in the Port of Rotterdam as a
case study.
The results of the first two studies reveal an important problem: the negative impact
of uncertainty and dynamism on planning. In the second two studies, we explore this
impact in more detail as well as a possible mitigating measure.
In the second two studies, we define uncertainty and dynamism in a narrower
scope.

In the first two, we refer to uncertainty and dynamism from a broad

perspective. Uncertainty is related with all the events that are subject to randomness
and cannot be known with certainty beforehand such as the moment a deep sea
vessel arrives at the port, the transit time of a barge or the moment a container
terminal starts loading a barge. We refer to dynamism in relation with unexpected
events occurring through time that necessitate at least one party to alter their

10

Chapter 1. Introduction

operational plans. Some examples are a shipper making a last-minute booking for
picking up a container, a train cancelling a trip from the port to an inland terminal
or customs deciding to detain a container for physical inspection. Starting from
the third research question, we address uncertainty and dynamism with a narrower
definition. We focus on the uncertain delays in container arrivals (i.e. uncertainty)
and the fact that a barge operator receives bookings through time (i.e. dynamism).
This raises the following research question:
Research question 3: What is the quantitative impact of uncertain delays in container
arrivals and dynamism of transport orders on barge planning?

This question is motivated by an observation during the first study that due to the
disturbances in deep sea vessel arrivals, documentation processes (e.g. customs
duties) or shipper’s daily operations, containers are often delayed on arrival and
cannot be picked up at their expected arrival times. These delays disrupt the
operations of the barge operator and decrease the utilization rates of the capacity.
Another observation is that the shippers make their transport bookings dynamically
through time. Bookings with short notice period often cannot be included in barge
planning due to the time obligations exerted by container terminals. The second
study further elaborates on how uncertainty and dynamism limit the flexibility in
barge planning, and have a negative impact at the operational level. The extent of
the impact of uncertain delays and dynamism has not been studied quantitatively
in literature.
To answer this question, in the third study we design a quantitative analysis using
the real data of an inland terminal. Our method involves simulating the weekly
operations of a barge operator iteratively for a one year duration in order to evaluate
the long term performance. Each iteration involves solving a stochastic program for
planning barge calls, and then simulating actual events to determine actual costs.
We aim to show that uncertain delays and dynamism have a significant impact.
This analysis emphasizes the significance of uncertain delays in barge planning.
However, it does not help the barge planning directly.

While studying the

coordination challenges, we hypothesize that information can be used better to help
planning. We refine these two findings as a research question as follows:

1.6 Outline
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Research question 4: How can the barge operators improve planning under uncertainty
through a better use of information?

To answer this research question, we propose an approach that employs machine
learning in order to improve capacitated barge planning with uncertain container
arrivals. The main idea is to use the probabilistic predictions of a decision tree in the
scenario generation process of a 2-stage stochastic program to plan the barge calls
of a barge operator. A decision tree makes predictions of container delays based
on container specific information. The predictions help to generate more accurate
scenarios, which in turn leads to more informed decisions and less costs. We aim
to test the approach with an iterative method of periodic planning and simulation
for a one year duration so that the long term performance is evaluated. We conduct
a computational experiment using the historical data of an inland terminal and the
Port of Rotterdam.
The perspectives in research question 3 and 4 are considerably different. In research
question 3, we compare the impact of uncertain container arrivals with respect to
the deterministic case. In research question 4, we propose a new method to improve
decision making under uncertain container arrivals, and compare the proposed
method with conventional methods.

1.6.

Outline

Against this background, the thesis has four main chapters that answer the four
research questions. Chapters 2, 3, 4 and 5 aim to answer one research question
each. The content of these chapters depend on the previous work of the author of
this thesis, which is published or under review in scientific journals (Gumuskaya
et al., 2020a,b,c, 2021). The relation between the research questions and the data
sources (apart from the literature) are sketched in Figure 1.1.
In Chapter 2 we present the reference model of hinterland transport that depends
on our findings in interviews with the actors of hinterland transport. This is a
descriptive chapter depicting a complete portrait of hinterland transport in practice.
Next in Chapter 3, we study the coordination challenges, which appear to be
a major problem at the operational level. We propose a qualitative method to
model and analyze the coordination challenges. Chapter 4 analyzes the impact

12

Chapter 1. Introduction

Figure 1.1: Outline of the thesis

of two important factors discovered in Chapter 2 and emphasized in Chapter 3:
the uncertain delays in container arrivals and dynamism in bookings. Finally, in
Chapter 5, we propose a method to improve decision making for the problem in
Chapter 4. It builds on the idea of using information better argued in Chapter 3 and
applied on the problem in Chapter 4. The solution approach involves integrating
the predictions made by decision trees in stochastic programs to alleviate the impact
of uncertainty on barge planning.

2

A Reference Model For Hinterland
Transports

2.1.

Introduction

Ports are crucial to the world economy as over 80% of the global trade is carried out
by maritime transport (Sirimanne et al., 2019) through ports. Hinterland transport
is a crucial part of the maritime transport as it connects the ports with the locations
further inland. It entails the transportation of goods between the port and the inland
via barges, trains or trucks.
Hinterland transport is complex: it involves multiple actors with different goals,
excess number of orders, strict time and physical requirements, the necessity to
manage empty containers, complicated procedures, and it is highly uncertain and
dynamic.
As a consequence of its impact on economy and complexity, hinterland transport
attracts significant research. Researchers, who typically have an academic background, base their models largely on previous studies, which not necessarily fit to
the current practices in industry. The discrepancy between reality and the academy
often decreases the applicability of academic solutions and hamper the effectiveness
of academic research.
To bridge the gap between the academy and the industry, we propose a reference

14

Chapter 2. A Reference Model For Hinterland Transports

model that portrays the hinterland transport as a whole, and describes the processes
in detail based on industrial practices. The model helps researchers to understand
real life considerations better and to develop more realistic models, and thus
solutions. To our knowledge, this is the first study in literature to describe
hinterland transport extensively and in this detail. It also helps practitioners see the
wider picture and understand how their actions lead to other actions and increase
their awareness. The model illustrates the typical processes in the entire hinterland
transport chain with an emphasis on multimodal transport. More specifically, it
is valuable in various ways; i) it draws a complete realistic portrait of hinterland
transport in practice, ii) it portrays how planning is made with multiple actors,
and the relationship between planning, contracting and physical processes, iii) it
contrasts academic perception and industrial practices iv) it illustrates real life
requirements that are usually overlooked (e.g. demurrage and detention, Incoterms,
barge call reservation procedures). This reference model is further used in Chapter 3
to analyze coordination problems in hinterland transport.
The reference model is an illustration of; how hinterland transport is executed,
which processes take place, which decisions are taken and how information flows.
It includes three layers of processes: physical, planning and contracting processes.
We further divide these layers into its constituting processes and explain how they
are executed. The reference model illustrates how planning consists of a number
of bilateral processes in contrast to the typical view of centralized decision making
in academia. While we acknowledge that there may be considerable differences
among different companies or geographical locations, we made a generic model
based on the typical activities in the hinterland of the Port of Rotterdam.
Against this background, the remainder of this chapter is organised as follows.
In Section 2.2, we explain the research methodology. In Section 2.3, we explain
the roles (i.e. the actors) and their perspectives. In Section 2.4, we review the
relevant literature to the framework we propose, and in Section 2.5, we give a brief
description of the framework. In Sections 2.6, 2.7 and 2.8 we describe physical,
contracting and planning processes in detail. In Section 2.9, we conclude.

2.2.

Research Methodology

This study is carried out by gathering information on hinterland transport processes
and problems in practice with a focus on operations. The interviews are combined
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with a literature study in order to structure the findings, illustrate the perspective
of the academia on the subject and to develop the framework.
The specific issues to be discussed during the interviews were not limited to certain
predefined problems. Rather, we have chosen to explore the operational level
planning in practice. For the issues of interest, we have dived into the details to
gain insights from different actors. Semi structured interviews with open ended
questions were selected as the research method because it serves both purposes: it
is possible to explore many topics and to discuss a topic further when necessary
through direct interaction with practitioners, who are the natural source of such
information. The downside of this method, compared to conventional surveys, is
that the number of interviews is lower, making it hard to validate the findings
statistically.

Therefore, despite the significant amount of interviews held, one

concern is the objectivity and representativeness of the interviews. To overcome
this, we interviewed all major actors engaged in hinterland transport, representing
different perspectives. During the interviews, we disregarded subjective comments
on hot topics. To prevent an observation bias, at least two of the authors had to
agree on removing a certain comment. Furthermore, for the findings we previously
found to be of value, we cross checked them with other actors.
Twelve face-to-face interviews were held with companies located in The Netherlands; two inland terminals (also operating barges), one container terminal
operating barges and trains, one multimodal transport company operating trains
and trucks, one trucking company, one IT company, and the port authority of
Rotterdam. The interviewees were either in managerial positions with extensive
experience in operations or directly involved in operations planning. The interviews
varied in duration from 1 to 4 hours. When allowed by the interviewee, they were
recorded, listened to afterwards and the key findings were compiled.
The interviews started with a set of questions regarding how operations are
executed, planning is made, and what problems they face. These questions were
tailored based on the actor. For example, with a barge operator the planning
of the barge trips are discussed, while with a railway operator the focus was
on train related topics. Depending on the information given by the interviewee,
we continued with follow-up questions and discussed the details of the issues of
interest. The initials questions were formulated as follows:
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• Which operations do you execute? Could you explain the typical lifetime of a
container under your responsibility?
• How do you plan your operations with regard to the physical timeline of a
container? What are the main goals and constraints?
• Which typical problems arise during your operations?
• Which actors do you interact with, what type of information you exchange
and which channels do you use?

Due to the nature of the interviews, it is not possible to fully provide the responses
given by the interviewees. Table 2.1 summarizes the topics discussed, the scope
of the interviewed company and their operations. We structure the information
gathered on these topics in the form of a reference model, and discuss that in detail
in the remainder of this chapter.

2.3.

Roles and perspectives

The major roles in hinterland transport are as follows: shipper, forwarder, shipping
line, transport operator (or operator in short), container terminal and inland
terminal. Infrastructure managers, customs and the port authority that are not
in the focus of this paper are also relevant, and will be briefly discussed at the end
of this section. Roles such as insurers, municipalities, NGOs, are kept out of the
scope. In this section we will introduce these roles and discuss the typical activities
they carry out pertaining to hinterland transport, and their objectives while doing
so.
In practice, companies that are known to carry out a specific role, may take up
other roles. For instance, inland terminals may also operate barges, taking up
and blending the inland terminal and transport operator roles within a single
organization. Likewise some forwarders own a fleet of trucks and actually carry
out the physical transport themselves, blending forwarder and transport operator
roles. We use the term ‘role’ intentionally to refer to a typical functional unit, not to
a specific company. We will discuss each role individually, stating the typical role
blending activities in practice.

2.3 Roles and perspectives
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Table 2.1: Summary of the topics discussed during the interviews

Role of the organization
Inland terminal,
barge operator,
road transport
operator

Active
region
The Netherlands

Inland terminal,
barge operator
Transport operator (Road)
Port authority

The Netherlands
Europe

Container
terminal,
transport
operator (Barge,
railway)
IT
service
provider
Transport
operator
(Railway, truck)

Europe

Rotterdam

The Netherlands
Europe

Processes discussed
Physical processes (main haul, pre/end
haul, inland terminal operations, terminal
operations), booking process, contracting
processes, container allocation process, barge
planning, inland terminal planning, pre/end
haul planning, industrial outlook
Barge planning, terminal operations planning, inland terminal operations
Road transport and planning
Terminal operations, deep sea vessel arrivals/departures
Contracting processes, terminal operations
planning, barge planning

Information needs of transport operators
Railway transport and planning, pre/end
haul planning, contracting processes

2.3.1 Shipper
The shipper is the owner of the cargo (Brouer et al., 2014) or the entity who takes
the responsibility to ship. Typical examples are retailers, producers and distributors
(Meers et al., 2017). The agreed trade agreement between the buyer and the seller
determines who bears the responsibility for each of the transport legs. In large
supply chains, it will sometimes be useful to distinguish between the shipper
(the business unit that makes the booking) and the consignee or the consignor.
Consignee refers to the actual receiver of the container where the cargo inside the
container will be discharged. Consignor, on the other hand, refers to the sender
of the container where the cargo will be loaded. For example, the shipper could
be a large sized international retailer, who manages the supply chain, while the
consignee and the consignor could be a local supplier or distribution centre, who
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has a limited say in decision making. For brevity, we discuss only shippers in this
paper.
From a shipper’s point of view, there are multiple factors to consider while deciding
on hinterland transport service. Although cost is obviously an important factor,
shippers are not merely in the pursuit of lowest price (Solakivi and Ojala, 2017;
Meers et al., 2017).

Reliability, frequency, flexibility and transport time are the

common leading factors that define a ‘good’ hinterland transport service from
a shipper’s perception. In addition safety, environmental impact and information
technology compatibility are also important.

2.3.2 Transport operator
In this paper, in line with the common usage in industry, we make distinction
between the parties who transport the containers physically in the deep sea leg and
the hinterland legs. We will use transport operator (or operator in short) for the actors
carrying out the physical transport in the hinterland leg by operating barges, trains
or trucks, excluding the deep sea vessels. Deep sea vessels are run by shipping lines
(See Section 2.3.5).
Railway transport (i.e. trains) and inland waterway transport (i.e. barges) are
similar in the sense that they are cheaper and regarded as more environmental
friendly due to economies of scale (Frémont and Franc, 2010), but require high
initial investments on infrastructure and equipment.

Their success is highly

dependent on high utilization rates and transport volumes.

There are also

significant differences in the implementation of a given mode of transport. For
instance, the environmental impacts of diesel and electric trains are quite different
(Macharis et al., 2007, 2010).
In the absence of high and stable demand, train and barge operators are faced with
a trade-off between consolidating demand to increase utilization rates or offering
frequent schedules to respond to the shipper needs. As a consequence, high and
stable demand is of great importance for barge and train operators, and fluctuations
in demand lead to bigger problems compared to road transport. Therefore, at the
strategic level, barge and train operators aim to increase their volumes and extend
their network to mitigate these risks. At the operational level, they plan and execute
visits to the port so as to maximize utilization rates while obeying the booking
requirements. Looking at the operational needs, both train and barge operators
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rely on geographical conditions, depend on the infrastructure network, and require
inland terminals for transshipment and handling.
Road transport is relatively flexible compared to inland waterway or railway
transport as it involves less number of actors, does not necessitate a special
infrastructure and is easily accessible. In addition, transit times and waiting times
in container terminals are shorter. However, they lack the benefits of economies of
scale, cause road congestion in and around the port, and are less environmental
friendly despite the technological improvements in emissions levels.

2.3.3 Inland terminal
Inland terminals act as intermediate nodes between the deep sea port and the inland
location for railway and inland waterway transport. They offer various services
such as transshipment from barges and trains to trucks, temporary storage and
added value services such as gas measurement, cleaning, and maintenance of
containers. In literature, there are numerous relevant terms such as dry ports, inland
ports, inland terminals, inland logistics centres and inland container depots (Rodrigue
and Notteboom, 2012). Among these, dry port is introduced by Roso and Lumsden
(2010), which refers to ‘a hinterland terminal in close connection to the sea port,
where customers can leave or pick up their standardised units as if directly at a
sea port’. The extended gate is a relevant concept that is driven by industry and
defined as ‘a dry port for which the deep-sea terminal can choose to control the
flow of containers to and from that inland terminal’ (Veenstra et al., 2012). Thus,
an extended gate corresponds to a better integration of deep sea ports with inland
terminals.
Inland terminals are in a natural competition with road transport because trucks
do not require an inland terminal. As is the case with barge and train operators,
inland terminals also require high initial investments in terms of land and special
equipment such as cranes and reachstakers, and depend on economies of scale.
Therefore, inland terminals often do not limit their operations to transshipments
and other services mentioned; they construct tight relations with barge and/or
train operators who have similar motivations. These relations can be in the form
of organic relations such as ownership and partnership, or long term contracts
or agreements. Inland terminals, in this aspect, most often take up the role to
coordinate main haul, end haul and empty container leg. They also build tight
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relations with the shippers, particularly the ones in close proximity, and offer them
flexible services.

2.3.4 Container terminal
A container terminal or deep sea terminal is located in the port with maritime
connection and serves deep sea vessels, feeders, barges, trains and trucks by
carrying out the terminal operations (See Section 2.6.1 for details). The major parts
of a container terminal can be listed as: Docking area, crane, loading/unloading
area, container storage, on-dock rail terminal (Rodrigue, 2011). Main goals of
container terminals include increasing the utilization rates of the cranes and quays,
decrease stacking/reshuffling moves and increasing the overall throughput volume.
Due to the high investment costs and physical constraints, the number of container
terminals are limited in a given port, which grants them a certain power in the port
hinterland. Shipping lines control the intercontinental container transport, while
container terminals control the throughput to a hinterland area, and thus depend
on shipping lines. This leads to tight relations and long term contracts between
shipping lines with container terminals.

They may also have organic bounds

through ownership. For instance, Rotterdam World Gateway (RWG) is established
by the shipping lines APL, MOL, HMM, CMA CGM and a global terminal operator
DP world. Similarly, COSCO acquired 35% of the ECT Euromax container terminal
in the Port of Rotterdam. Container terminals often have no contracts with barge
operators, railway operators or trucking companies. This started to change. For
example, ECT guarantees barge operators call times for a certain time provided
that they pay a fee and satisfy a minimum number of container moves.

2.3.5 Shipping line
Shipping lines (or carriers as commonly referred to in industry) execute intercontinental transport by deep sea vessels with capacities with +23000 TEU. Main goal of
shipping lines is to increase total transport volume and utilization rates together to
maximize profits. The shipping line industry can be considered to be oligopoly with
3 alliances including 11 major shipping lines controlling the majority of global trade.
This gives shipping lines the most powerful role in the hinterland transport as they
control the throughput of a deep sea port. Although they are in a powerful position
in hinterland transport, liner shipping industry, itself, involves fierce competition

2.3 Roles and perspectives

21

and merger and acquisition activities. They decrease prices by acquiring larger
and larger capacity vessels to attract more demand and form alliances. So even if
the main function of shipping lines is on the deep sea leg, they also get involved
in hinterland transport by developing tighter relations with inland terminals and
operators. This way, they are able to reach the shippers (i.e. the demand) directly,
and extend their business model to include hinterland transport (See carrier haulage
in Section 2.5.1).

2.3.6 Forwarder
Forwarders are intermediary firms, who organize the transport activities on behalf
of the shipper by making arrangements for handling, movement and storage
of containers and carry out the complex paperwork, legal and financial duties.
Forwarders have a central role in information exchange between the parties that
are not in direct contact. Their large customer base enables them to get better
prices for the deep sea and hinterland legs by taking advantage of economies of
scale. As a result, they buy capacities from shipping lines and/or operators with
lower prices, and sell this capacity to shippers. As such, they make profits without
getting involved in physical processes. Having said that, in practice, forwarders
often extend their business model and own transport means such as trucks, chassis
or trailers.

2.3.7 Other roles
We briefly discuss the roles that are indirectly involved in hinterland transport:
Infrastructure managers, customs and the port authority.
I.

Infrastructure Managers

Railway and inland waterway transport is dependent on special infrastructure,
which needs the control of an authorized body, referred to as infrastructure managers.
Waterway infrastructure managers operate locks and movable bridges. Locks are used
to raise and lower vessels to different water levels upstream and downstream of the
lock. Waiting times in locks can be as long as three hours per lock (Hengeveld
et al., 2012). In fact, the scheduling of locks received considerable interest by
researchers (Campbell et al., 2007; Hengeveld et al., 2012; Verstichel et al., 2011).
Opening and closing of movable bridges also require scheduling and coordination.
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Railway infrastructure managers are very effective in train schedules by allocating
railway slots to freight and passenger trains and take up a coordinating role in daily
operations (See Section 2.8.2.II.).
II.

Customs

Customs is the authorized organ to monitor flow of goods and make sure import
and export duties are met. Without approval of customs, an import container is
not allowed to be loaded to a barge, train or truck. Likewise, an export container
cannot be loaded to a deep sea vessel. Customs receives the declarations from
shippers and checks if the goods declared are not prohibited, tax requirements are
met (e.g. VAT, value added tax) and paperwork is in order. Depending on the
case, customs may approve a container without detailed check, request a physical
scan without opening the container or request a thorough search by opening the
container. Typically, forwarders and shippers need to comply with customs duties
in a timely manner to avoid disturbances or delays.
III.

Port authority

The port authority is the ‘landlord’ of the port and rents out the land for container
terminals, depots, oil processing companies, etc.

However, their goal is not

restricted to offering land; the port authority is actively involved in strategic level
decisions. Their main goal is to increase the competitive position of the port in terms
of the total throughput handled. To achieve this; they develop port infrastructure,
regulate terminals, collaborate with other ports, get involved actively in projects to
increase the capacity and efficiency, enforce information technologies and facilitate
private companies to extend their accessible hinterland area.

2.4.

Related literature

In this chapter, we propose a framework for modelling hinterland transport with
three layers, each consisting of processes. The framework was developed using
modelling approaches in container logistics and intermodal transport (Grefen et al.,
2018; Willis and Ortiz, 2004; D’Este, 1996), and tailored with respect to the common
characteristics of the hinterland transport with a multimodal perspective. In this
section, we introduce the related literature regarding the framework.

2.5 Framework
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Apart from network representations widely used in operations research (SteadieSeifi et al., 2014), D’Este (1996) provides a general discussion of frameworks for
intermodal systems, and explains how initial attempts to generalize unimodal
freight networks evolved into frameworks with multiple layers. Their study
proposes an event-based container oriented approach. However, this approach
does not allow the representation of the distinct processes carried out by different
actors, and the interaction between the processes remain implicit. A multi-layer
approach, on the other hand, allows us to distinguish between business processes
explicitly. Willis and Ortiz (2004) discuss the security issues in the global container
transport from a supply chain perspective using a framework that has three layers:
logistics layer, transaction layer and oversight layer. The logistics layer is defined
as the physical ‘conveyer’, including the road, rail, and water infrastructure. The
transaction layer includes all informational and financial interactions and contracts,
and the oversight layer consists of law enforcement and regulatory activities
imposed by national or international bodies from a higher perspective. van der
Horst and de Langen (2008) largely ignore the oversight layer, and implicitly
end up with a framework that has two layers to analyse coordination problems:
an operations layer and a transactions layer.

Operations include physical and

planning activities, driven by transactions (i.e. contracts and financial agreements).
Grefen et al. (2018) propose a 4-layer framework for information systems, including
physical, event, process and business layers, and apply the framework to examples
in multimodal transport. Although the domains vary, a common characteristic
in these approaches is the existence of a top-down hierarchical relationship.
Our proposed framework is the same in this respect, except that the layers are
interpreted differently to fit our scope. However, similarities are evident: the bottom
layer is the physical process (as in Willis and Ortiz, 2004; Grefen et al., 2018), the
top layer has a regulating role (as in Willis and Ortiz, 2004; van der Horst and
de Langen, 2008), and the information flow (event layer in Grefen et al., 2018);
(transaction layer in Willis and Ortiz, 2004) is represented as interactions between
the processes (i.e. decisions, plans or notifications).

2.5.

Framework

The framework, which is illustrated in Figure 2.1, has three layers: a contracting
layer, a planning layer, and a physical layer. In each of these layers, processes take
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place. In physical layer, these are mainly transportation, handling and storage. In
the planning layer, these are the systematic ordering, allocation and coordination of
physical processes within some kind of performance framework (e.g. minimal costs,
minimal delay, maximum volume, minimal capacity waste). In contracting layer,
these are the commercial negotiation and formulation of reciprocal agreements
between parties. The outcome of the activities in the layers is related, in the sense
that contracts determine the contours of the performance that is to be delivered
by planning processes. At the physical layer, capacity or other resources are often
limited, and thus the need for planning arises. The commercial agreement and
the planning activities determine the execution of the physical activities. The layers
interact with each other via information exchange. Broadly speaking, an upper layer
governs its lower layers. A lower layer, in turn, provides feedback on realizations
that is used to make decisions in the higher layer. If operational activities are not
going well, the content, as well as the interaction between these three layers, needs
to be understood in order to develop (new) solutions.
Next, we will briefly explain these three layers in subsections 2.5.1, 2.5.2 and 2.5.3
to give the overall picture. Then, in Sections 2.6, 2.7, and 2.8, we will explain them
in detail.

Figure 2.1: Overview of the framework
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2.5.1 Contracting Processes
Contracting processes are in place to establish contracts that govern the transport
activities.

Contracts may be medium/long term such as capacity agreements

between forwarders and shipping lines or between forwarders and barge operators.
Alternatively, they may be short term regarding a specific booking. Since we focus
on the effect of contracts at the operational level, we will not get into the details of
how medium/long term agreements are formed, and assume as given. For carrier
selection, for instance, Meers et al. (2017) and Solakivi and Ojala (2017) can be
consulted.
Our focus in this chapter will be on how specific bookings lead to various contractual
structures, and how these structures have different impacts on operational level
planning. Contractual structure refers to the identification of the actors, the short and
long term contractual links and the distribution of responsibilities. The contractual
structure forms as a result of booking process initiated by the trade agreement
between the buyer and the seller. The booking process specifies time, location and
other requirements of the transport. The contractual structure is characterized by
two factors: the trade agreement between the buyer and the seller, and the haulage
type determined by the shipper.
The trade agreement specifies Incoterms, a series of predefined commercial terms
commonly used in industry. By selecting one of the Incoterms, buyer and seller
agree on the allocation of responsibility of transport legs. In particular, it clarifies
the point at which the ownership of the container, and thus the risk, is transferred
from the seller to buyer. Hence, shipper is identified.
The haulage type is selected by the shipper, and specifies the nominated party by
the shipper, who will actually organize the hinterland transport. If the shipping
line will be responsible for arranging the hinterland transport, this is called carrier
haulage, otherwise it is called merchant haulage. Within merchant haulage, two
cases can be distinguished. In the first case, the shipper appoints a forwarder for
organizing both the hinterland and the deep sea leg. In the second case, the shipper
makes deep sea leg booking from the shipping line and appoints a different party
(e.g. a truck operator or an inland terminal) to organize the hinterland transport. It
should be noted that due to the complex procedures of import and export, in both
cases, typically, an agent (e.g. a forwarder) will be hired to arrange documentation
and customs duties.

The different haulage types are illustrated in Figure 2.2,
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where lines represent the contracts, and boxes represent the actors. Based on our
interviews, for the port of Rotterdam merchant haulage accounts for around 6070%, while carrier haulage is around 30%. Carrier inspired merchant haulage and
merchant haulage carrier haulage are other two haulage types, which we will not
cover for brevity.

Figure 2.2: Haulage types: 1. Carrier haulage, 2a. Merchant haulage with forwarder
organizing both deep sea leg and hinterland transport, 2b. Merchant haulage with
shipper making a deep sea leg booking and hinterland booking

Figure 2.3 shows an example of typical contracts taking place in the whole container
transport chain for a merchant haulage case. It illustrates how complicated can the
contractual structures be in real life.
In this example, the buyer is responsible for the deep sea leg and onward. The figure
shows that a buyer and a seller have a trade agreement. Due to the selected incoterm
(e.g. FOB type), the seller makes a hinterland booking in export part, while the
buyer makes the deep sea leg booking and the hinterland booking in import part.
The forwarder makes a booking at a shipping line, with whom they may already
have a contractual relation, e.g. a yearly capacity based price agreement. The
forwarder also makes a booking at an inland terminal for the hinterland part of
the import container. The figure illustrates a situation where the inland terminal
has a long term agreement with a barge operator and a truck operator. Hence, the
inland terminal organizes the hinterland leg of the import container in line with that
relationship. Finally, the shipping line decides on the container terminal to make
calls at, based on their long term agreements in the ports of buyer’s and seller’s
country.
The contracting layer interacts with the planning layer in that contracting processes
govern the planning processes through goals and requirements. The planning
processes seek to optimize the goals of the actors taking into account the contractual
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Figure 2.3: Typical contractual relations for a merchant haulage case and the Free on
Board (FOB) Incoterm

requirements. At the same time they provide feedback to the contracting processes
on how well their goals can be achieved within the contractual structures that are
in place.

2.5.2 Physical Processes
Physical processes are in place to execute the actual transport.

The physical

processes or operational activities in the hinterland transport system are basically
linear but bidirectional. Starting in the hinterland, a cargo is loaded on a transport
means at a hinterland terminal, transported to the seaport, unloaded at a terminal,
and transferred onto an ocean ship.

This is called the export process.

The

import process follows the same structure, but in reverse. The relevant processes
are loading, unloading, transportation and storage.

The basic instructions for

these processes are generally simple. For transport, for instance, the instruction
is basically: move this cargo from this location to that location.

Additional

information may be required: weight, dimensions of the package, and special needs,
such as refrigeration or power supply.
Although the instruction seems simple, the execution and performance of these
activities in practice can be complex, because neither storage facilities, nor
cargo handling equipment or transport means are dedicated to this one cargo
consignment. Since all these operations require expensive assets that create business
value by being used efficiently and not stand idle, careful planning of operational
activities is necessary. This is discussed in the next section.
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The physical layer interacts with the planning layer in that the planning processes govern the physical processes through planning decisions (e.g. schedules,
load/unload lists, berth allocation plans). The physical processes provide feedback
to planning processes that may force a revision of planning decisions due to
unexpected notifications, disruptions and delays.

2.5.3 Planning Processes
Planning processes are in place to organize the physical transport in an optimal
manner even before it starts. Planning processes may be performed sequentially or
in parallel, per container or in batch, can be revisited as part of a daily or weekly
routine, updated ad-hoc due to changes in bookings or disturbances in physical
processes and may have overlapping timelines with each other. For convenience,
we will explain the planning processes for a typical timeline of a single container.
The planning process starts after the booking process (a part of contracting process)
with container allocation process. In container allocation process, the specific barge or
train service that will be used for the main haul and the empty leg is determined
based on the service schedules and time requirements. Thereafter, the appointed
transport operator performs main haul planning and control. Main haul planning
and control includes all planning activities that take place regarding the execution
of barge and train trips, coordination between the deep sea port and the inland
terminal. In the cases where using barge or train is not possible or economically
not viable, trucks are used between the port and the inland location. Depending
on the main haul plan, the transport operator makes a preliminary plan to visit the
container terminal to pick up the full container. Container terminal, in turn, plans
how deep sea vessels, barges, trains and trucks will be handled in addition to other
internal plans, which is referred to as terminal operations planning. As a result of the
container allocation process and main haul planning and control, the specific barge,
train or truck that will handle the container is determined, which provides an input
to inland terminal planning and pre/end haul planning process. Inland terminal planning
involves decisions such as how to stack the containers, scheduling crane and quay
for loading/unloading before/after the main haul. End-haul planning relies on the
execution of main haul and the shipper’s needs. It involves scheduling and routing
of the trucks, drivers and chassis. Main haul planning determines the time the
container will be available to be picked up in the inland terminal, while shipper’s
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needs determine at exactly which date and time the container will be delivered
to/picked up at the inland location.
Figure 2.4 provides an overview of the processes identified. It is a refinement of
the framework in Figure 2.1, in that it presents the processes that we identify within
each layer of the framework. Large rectangles represent the three layers, while
smaller yellow boxes inside the layers represent the processes. The relationships
between the layers and the information flows between the processes are illustrated
by dashed arrows. These processes will be elaborated in detail in Section 2.6
through Section 2.8.
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Figure 2.4: Overview of the reference model

The framework has similarities with process maps and Value Stream Maps (VSM).
It illustrates the actions taken and the interaction in between as in process maps.
In contrast, the framework is more comprehensive as it depicts the actors with
their goals. It is similar to VSMs in this sense, as VSMs also incorporate the
actors and the processes in separate sections. However, considering the nonlinear
nature of processes in hinterland transport, VSMs are not directly employed as they
depict processes in linear relationship. In addition, they involve quantitative data
regarding the processes. Since we are aiming to model the hinterland transport
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process in its entirety, providing such detailed data could be hard for the reader to
follow.

2.6.

Physical Processes

Figure 2.5 shows an overview of the physical processes for container handling.
We identify five stages in container handling: terminal operations, main haul with
barge or train, main haul with road transport, inland terminal operations, pre/end
haul. We will explain these stages for an import container. Export is analogous to
import, but happens in reverse order. So we omit a detailed description of export
for brevity.

Figure 2.5: Physical process of an import container

2.6.1 Terminal Operations
All terminal operations are carried out by the container terminal. First, a full import
container is unloaded from the deep sea vessel to the quay. The container is brought
to the stacking area by internal transport means such as automatic guided vehicles
(AGV), straddle carriers or forklifts. The container is then stacked by yard cranes
and stored temporarily until the time that the transport operator arrives to pick up
the container. This moment is typically a few days after unloading, but can range
from a couple of hours to weeks.
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The remainder of the process differs depending on the transport mode. When road
transport is used, the truck waits until the permission is granted by the container
terminal to enter through the gates.

The truck enters the gate, parks at the

designated place of the associated stack and the container is loaded to the truck
by yard cranes and/or straddle carriers. When inland waterway transport is used, the
barge arrives in the port and waits until the container terminal grants permission
to moor on a specific quay. The container is brought from stack to the designated
quay and loaded to the barge by the quay crane. When railway transport is used, the
container is brought to the railway terminal by straddle carriers, forklifts or multi
trailer systems, and then loaded to the train.
Important steps before main haul (during terminal operations) are customs and
commercial release, regarding the permission for the transport operator to pick up
the container. Customs release refers to the approval of customs. Commercial
release refers to the approval of the shipping line, regarding the documentation is
correct and fees are paid. Until these two releases are granted, the container cannot
leave the terminal.

2.6.2 Main Haul
Main haul operations depend on the transport mode. Barges and trains operate
between inland terminals and the port, while trucks make trips directly from the
port to the inland location. For barges and trains, the main haul refers to the
transport of the container between the port and the inland terminal, while for
trucks, it refers to the direct transport between the port and the inland location.
One of the distinguishing characteristics of container transport is the obligation to
return the empty container. Hence, even if the cargo is delivered to the inland
location, the physical process continues until the empty container is returned to the
shipping line. Empty containers are typically returned to a depot located in the
port. The transport of empty containers is similar to the transport of full containers
and executed as part of main haul trips. Typically a main haul trip of barge or
train from the port to the inland terminal involves full import and empty export
containers (vice versa for export).
Empty container moves constitute a significant portion of freight transport with up
to 40% of total inland moves (Lulli et al., 2011; Konings, 2005). Matching an import
order with an export order such that the empty container of the import will be used
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as the empty container of export leads to significant cost savings. However, this
is not trivial. It is required that both bookings are from the same shipping line or
alliance, demurrage/detention requirements are met, inland locations are within
a short distance of each other and the required container types match. Empty
container moves can also be reduced by moving the empty import container to a
depot in close proximity of the inland destination, instead of a depot in the port.

2.6.3 Inland Terminal Operations
Inland terminal operations include handling, stacking and temporary storage of
the container with specialized equipment. The activities are similar to container
terminals but on a smaller scale in terms of throughput volume and the size of
vessels that can be handled. Therefore the equipment used in inland terminals is
not as advanced as in container terminals. For instance, usage of AGVs are common
in container terminals whereas for inland terminals it is not economical. In inland
terminals, in addition to full containers, empty containers are also stored.

2.6.4 Pre/End Haul
The consignee typically lacks the equipment and infrastructure needed to receive
containers from barges or trains. Therefore an end-haul trip is necessary that is
done by truck. After the container is delivered to the consignee, the truck has three
options: i) wait for the discharge operation and return with the empty container
to the terminal, ii) leave the chassis and return to the inland terminal, iii) leave
the chassis, visit another inland location to pick another chassis. For (ii) and (iii),
after the cargo is discharged by the consignee, a different truck other than the one
bringing the full container picks up the chassis with the empty container. While the
main haul can cover hundreds of kilometres, pre/end hauls are usually less than 50
kilometres.

2.7.

Contracting Processes

Within the scope of this paper, the main elements of contracting processes is
the booking process, and the contractual structure formed as a result of it. The
characteristics of the contractual structures are discussed previously. In this section,
we will discuss the booking process.
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2.7.1 Booking Process
The booking process is chronologically the first process and acts as a trigger for
the subsequent physical and planning processes. Figure 2.6 shows the typical
steps of the booking process. It illustrates; the starting event of the process (i.e.
trade agreement), the tasks that must be performed as rounded rectangles, and the
information that is used in or created by the different steps as rectangles.

Figure 2.6: Booking process in detail

The need to ship a container overseas arises when a seller and a buyer establish
a trade agreement.

The trade agreement specifies Incoterms, initial timing

requirements and other content details regarding the cargo. As a result, the shipper
(i.e. buyer or seller) is identified, who determines haulage type. Since the shipper
usually does not have the expertise to manage hinterland transport or deep sea leg,
an agent (e.g. a shipping line or forwarder) is selected to organize hinterland legs
depending on the haulage type.
Whether carrier or merchant haulage is selected, the agent books the deep sea leg
that acts as the reference for the main haul planning. The deep sea leg booking
includes the following details that play a key role in main haul planning: Cargo
content details, identification of the container terminal, expected time of deep sea
vessel arrival (ETA), demurrage/detention conditions, cargo closing time (only
for export). Cargo closing time is the latest time to deliver an export container,
typically around 24 hours before ETA. Demurrage/detention conditions specify the
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allowed duration the full or empty container is out of shipping line’s control, as
well as the location where the empty container can be picked up and returned.
This location is typically an empty container depot in the port. The reason for
demurrage and detention costs is that the container owners want to circulate a
minimum of containers globally to keep costs low. Each shipping line has different
fees per country and rules that define free time: some use a separate free time
for demurrage and for detention, while others use a single combined free time (See
Fazi and Roodbergen, 2018). Note that the demurrage and detention conditions also
depend on the relationship between the shipping line and the contracting parties.
It may be possible to get more desirable conditions based on the negotiation power
of the parties. Cargo content details include the container type (e.g. dry, reefer,
hazardous), size (20 foot, 40 foot, 45 foot) and weight.
The agent then appoints transport operators and makes the hinterland booking to
execute the hinterland legs. The selection of transport operators depends on various
aspects such as existing contractual and business relations, shipper preferences, the
deep sea leg details and urgency. In many cases, forwarders and shipping lines
have previously established contracts or agreements with transport operators, and
do not go through a detailed selection procedure for each booking. They only
send the deep sea leg booking as part of a daily routine, and leave the rest to the
operators.
The hinterland booking involves specific information on the inland location, the cargo
load/discharge time in inland location and other shipper preferences, such as the
mode of transport. A hinterland booking may be updated due to, for example
disturbances during the deep sea leg, changes in shipper’s operational plans,
or transport operator’s availability. Such details can be negotiated and finalized
collectively by the shipper and the transport operators or the forwarder at a later
time.
Note that, regardless of the haulage type, typically the forwarder assembles detailed
information, prepares documentation and tracks customs procedures on behalf of
the shipper. The forwarder is responsible for making sure that the customs and
commercial releases are in order, and that there will be no delays due to these
releases.
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Planning Processes

Planning processes specify how physical processes are meant to occur and governed
by contracts. In Figure 2.4, the middle of the three main rectangles depicts an
overview of these processes, which we will present in more detail in this section.

2.8.1 Container Allocation Process
Container allocation process mainly aims to assign orders to transport services.
During the container allocation process the specific service that will be used to
transport the full container is determined, the place where the empty container can
be picked up (for export) or dropped off (import). At this stage, the focus is on
organizing the main haul rather than planning both the main haul and pre/end
haul at the same time in an optimal manner. The pre/end haul is planned later
based on the main haul plan. As can be seen from Figure 2.7, the process starts
with assessing if an export-import match can be made and ends with assigning
transport orders to the services. In between, there are two alternative processes that
may take place depending on whether an import or export match opportunity is
found or not.

Figure 2.7: Container allocation process

After receiving an import (or export) booking, the operator assesses if there is any
export (import) booking with which the container can be matched. If a match
is found, the operator contacts with the shipping line and gets their approval
(probably for a fee), thus avoiding two empty container transport legs. After getting
the approval, the empty leg of the matched booking should be cancelled. Therefore,
even if this step will be carried out for a new booking, it may dynamically affect the
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empty leg of a previous booking. Alternatively if a match is not found, a transport
order will be created for the empty leg so that the demurrage/detention times are
obeyed.
After the creation of full and empty transport orders, assigning these orders to
the specific services is a complicated problem that attracted attention of several
researchers (Jansen et al., 2004; Li et al., 2015; van Riessen et al., 2016; Rivera
and Mes, 2017; Xu et al., 2015). One major difference in problem definition is
that some papers assume complete information on a collection of transport orders
prior to a one-time decision making moment, while others take the dynamic arrival
of transport orders through time into account. This necessitates a continuous or
periodical decision making in multiple times. Although it may be possible to
make near optimal decisions with complete information, in real life this is not
practical (van Riessen et al., 2016) due to the highly dynamic and uncertain nature
of container transport. For example, it is not uncommon that a hinterland transport
booking is made with the barge operator one or two days before the arrival of a
deep sea vessel, while a barge call needs to be planned at least three days before
the arrival.
Throughout the container allocation process, the main haul planning provides input
in the form of schedules, while the container allocation process provides input to
main haul planning in the form of initial assignments of full and empty legs. As
departure times get closer and disturbances occur, these decisions are continuously
updated and synchronized. It should be noted that the boundary between container
allocation and barge planning is not always clear due to the high uncertainty in
barge calls and container releases. Container allocation and barge planning is
adjusted to fit each other depending on the urgency of the containers. Sometimes
containers may be unavailable due to delays in deep sea vessel arrivals and can
be left to be picked up later, or the rotation plan can be changed. The impact of
uncertain delays are discussed in detail in Chapter 4.

2.8.2 Main Haul Planning Process
The main haul planning process includes scheduling and routing of barges and
trains in coordination with infrastructure managers, container terminals, shipping
lines and shippers. More specifically, it refers to determining the set and order of
nodes to visit, the departure times, and the types of vehicles, as well as updating
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these decisions due to the disturbances in services or bookings. In this section we
will discuss how these problems are handled in practice for different modes.

I.

Barge planning process

In the context of this paper, the barge planning process refers to determining rotation
plans in coordination with terminal operations planning executed by the container
terminals. A rotation plan refers to the time and order of inland and container
terminal calls for a given round trip to the port.
The barge planning process is illustrated in Figure 2.8 and summarized as follows:
First, the load/unload lists are initialized based on the default schedules, which act
as the backbone for planning. The default schedules are the preliminary weekly
plans considering the major container terminals for which the barge operator
receives bookings on regular basis (e.g.

make calls at ECT on mondays and

thursdays). The load/unload lists are continuously updated with incoming or
updated bookings until the notice periods of the terminals.

Before that time,

rotation plans are determined, call requests are sent to and negotiated with
terminals. At this stage, the container terminals that are not included in default
schedules are also added to the rotation plan, while the major terminals with
insufficient bookings may be skipped. Shortly before a barge makes the call in
the port within the notice period, the load/unload lists are checked to see if the
containers are present and released. Rotation plans are updated continuously, due
to for example service disruptions, late arrivals. Quite often, container terminals do
not approve call requests for the requested date and ask barge operator to arrive
one or two days later, or inform a barge operator for an unexpected availability
necessitating the update of the rotation plan. The dynamism creates difficulties
for the barge operator since at the time of decision making, the barge operator is
not aware of all the containers that will need to be picked up. For example, the
shippers may make the bookings just one or two days ahead, while the container
terminals may require three days of notice. In such cases, the barge operator will
try to accommodate the new bookings into the rotation plan, which is often not
possible. This creates additional costs as the barge operator cannot optimize its
plans with enough information.
Theoretically, a barge operator’s objectives include maximizing utilization rates and
minimizing waiting times subject to the time requirements of the bookings (e.g.
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Figure 2.8: Barge planning process as part of the main haul planning process

container release, delivery date, cargo closing time). As can be observed, there are
quite a handful of uncertainties regarding a rotation, making it hard for the human
planner to optimize the objectives. Rather, they try to satisfy time requirements of
the shipper and avoid demurrage and detention costs. They do this by trying to
stick to weekly plans for the major terminals, and adapt the remaining terminals in
an ad-hoc manner. This helps to create a reliable image of the barge operator, build
good relations with the major container terminals, which are usually busy, and get
reliable appointments in return. This is also appreciated by the shippers who desire
to specify the day of the transport.

II.

Railway Planning

The railway planning process consists of scheduling round trips between inland
terminals and the port. Similar to barge plans, railway plans are scheduled based
on weekly plans, taking into account the utilization rates. The most distinguishing
factor in railway planning is the crucial role of the infrastructure manager. Railway
operators get permission from infrastructure manager to use a certain line at a
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specific time, referred to as slot. For these slots, railway operators make short to
long term agreements and pay significant fees per trip accordingly. Especially in
Europe, where the passenger trains are prioritized over freight trains, these slots
are strict, creating an additional operational difficulty.
The major steps in railway planning are illustrated in Figure 2.9 as follows: first,
the load/unload lists are initiated and updated until the operator assesses the port
visit feasibility. The operator checks if there are enough bookings to compensate for
the infrastructure usage fee and other costs. If the demand is too low, the visit is
cancelled and the containers are shifted to another service, otherwise the scheduled
trip is executed.

Figure 2.9: Railway planning process as part of the main haul planning process

2.8.3 Pre/End Haul Planning
Pre/end haul planning refers to scheduling the truck movements between inland
terminal and inland locations in accordance with hinterland booking, main haul
plans and chassis/driver availability. Recalling from Section 2.6.4 that it is possible
to leave a chassis in shipper’s premises, a truck movement can involve: a full
or empty container, a chassis but no container, or no chassis at all. The aim is
to minimize the number of transport distance, number of drivers and trucks. In
practice, plans are usually made by human judgment to set feasible plans by the
available resources. The dynamic and highly uncertain nature of the problem makes
it hard for the human planner to optimize.
Figure 2.10 shows the main steps of pre/end haul planning. Two to three days
before departure, the capacity is checked w.r.t hinterland bookings, and adjustments
(e.g. hiring additional trucks) are made if necessary. One day before departure and
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throughout the day, detailed truck, driver and chassis assignments are made and
updated dynamically. Therefore, while main haul planning is done for a specific
round trip, pre/end haul planning is carried out for the pre/end hauls of an
entire day. These assignments may be updated continuously throughout the day
depending on the actual realizations.

Figure 2.10: Pre/end haul planning process

2.8.4 Terminal operations planning
Terminal operations planning involves a wide variety of planning problems that
attracted a great deal of interest from academia. The most common problems are
berth allocation, stowage planning, yard crane planning, stacking operations (premarshalling, relocating, stacking, reshuffling), internal transport planning, and gate
operations planning (Steenken et al., 2004; Vis and De Koster, 2003; Gharehgozli
et al., 2014).
The berth allocation problem (BAP) refers to the assignment of the quay area and
quay cranes to the incoming vessels so that the total berthing duration of vessels
will be minimized and/or the tardiness from required times will be minimized.
Stowage planning refers to the positioning of containers in the vessel such that the
loading/unloading times will be minimized and some physical constraints are met
(e.g. stability of the vessel). Stacking operations is a general term referring to the
decision making activities regarding the stacks, i.e. the blocks of containers and
positioning on top of each other. These problems are mainly focused on minimizing
the number of moves, reshuffling effort or the operation time of the yard cranes.
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Internal transport planning refers to the movement of containers within the port
(quay to stack, stack to quay, inter-terminal) such that the total distance covered, the
number of vehicles or the time is minimized. Finally, gate operation planning refers to
managing the flow of incoming trucks and deciding on when and in which order to
let the trucks enter the terminal. Of these problems, berth allocation is of particular
importance to the waiting times of barges, which currently relates to the congestion
problems in the Port of Rotterdam.

Figure 2.11: Berth allocation process as part of terminal operations planning

The part of terminal operations planning regarding barge calls is illustrated in
Figure 2.11. First, call requests are received from barges, deep sea vessels and
feeders before a predefined deadline that is set by the container terminal. In the
Port of Rotterdam, this deadline is typically 24-48 hours before arrival. After this
deadline, the container terminal assesses the feasibility of berth allocation plan.
Based on this initial plan, barge operators are notified if their request is approved
or they need to reschedule. Even if the call request is approved, the actual handling
of the barge often deviates from the plan due to disturbances, such as late deep sea
vessel arrivals, equipment failures, delayed barges, and no-shows. Here, it is crucial
to underline the interaction between rotation plan and berth allocation plans. Barge
operators make their rotation plan based on feedback from container terminals (See
Figure 2.8). Based on this feedback, barge operators update their rotation plans,
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which in turn affect berth allocation plans.

2.8.5 Inland Terminal Planning
Inland terminal planning involves decisions regarding stacking of the containers,
stowage plans, quay scheduling and crew planning. Inland terminal planning is
similar to terminal operations planning, but has a smaller scale, which makes it
relatively easier to manage. An inland terminal typically experiences fewer barge
calls per day, such that planning can be done using simple heuristics or manually.

2.9.

Conclusion

In this chapter, we proposed a framework that describes how hinterland transport
is executed in practice from a multi actor perspective. The framework consists of
three hierarchical layers that interact with each other through govern and feedback
loops, namely: the physical, planning and contracting process layer. The processes
that exist within the different layers are described in detail in the form of a reference
model. The framework and the detailed explanations draw a complete and realistic
portrait of hinterland transport in practice.
We pointed out several differences between the academic understanding and
practice. Firstly, there is a high complexity in planning due to the multi-actor
nature of hinterland transport. Since each actor has different and often conflicting
objectives, the performance of the system is worse compared to the academic
understanding, where there is a central decision maker optimizing the whole
system. Secondly, the uncertainty and dynamism are more effective than portrayed.
Uncertain factors such as the delays in deep sea vessels, uncertainty in barge calls
are often ignored in literature. In next chapters, we focus on these factors. In
Chapter 3, we focus on coordination challenges. In Chapter 4, we measure the
impact of uncertain delays on barge planning.
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3
A Framework For Modelling And
Analysing Coordination Challenges In
Hinterland Transport Systems

Multimodal transport systems connect seaports to their hinterland and have
potential economic, social and environmental advantages over road transport.
However, currently this potential is realised only to a limited extent and road
transport still dominates the market. In previous chapter, we provided the reference
model of hinterland transport based on in-depth interviews with practitioners.
The reference model emphasizes the multi-actor aspect of hinterland transport
and the intense interaction between the parties.

During the interviews, we

observed that many operational problems stem from a lack of coordination at
the operational level, which lead to inefficiencies in hinterland transport systems.
These inefficiencies compromise the advantages of multimodal transport and its
competitive power. Although academic research recognises the significance of
coordination, it generally employs an economic perspective at a strategic level,
but does not say much about the actual implementation at an operational level.
Coordination challenges are particularly complex due to the intricate relationship
between the parties, and they require a comprehensive study in order to develop
effective solutions. In this chapter, we propose a method to analyse coordination
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challenges in depth and reveal specific insights such as inadequacy of contracts
to facilitate coordination, the dynamics of consequential planning decisions, and
shortcomings in information exchange. To demonstrate the applicability of the
method, we model and analyse the particularly tenacious coordination challenge
of barge congestion in the Port of Rotterdam.

3.1.

Introduction

The notion of coordination challenges in multimodal transport, and particularly
in the hinterland of seaports, has been recognised for years. After a decade or
so of contributions on the relevance of the hinterland for a port’s competitive
position (Van Klink and van Den Berg, 1998; Notteboom, 1997), De Langen and
Chouly (2004) point out that seaports need to effectively organise access to the
hinterland: the “hinterland access regime”. In 2018, the Journal of Commerce
(JOC) has reported repeatedly on coordination problems around the handling
of barge traffic in the Port of Rotterdam, which accounts for about a third of
hinterland transport of containers in Rotterdam. In April 2018, for instance, JOC
points out the mounting congestion of barges in the port, with delays reaching
as high as 48 hours1 .

In September 2018, JOC reports on the initiatives of

the port authority to remedy the situation: a dialogue with all parties.

The

industry association of cargo owners and shippers presents a seven-point plan that
points at better agreements between barge operators and ocean terminals, better
sharing of information between all parties involved, the introduction of additional
decoupling points to handle overflow containers, and the general improvement of
the management of the entire multimodal chain2 . Meanwhile, other commentators
argue that the barge traffic handling problem has been around for years, and is just
particularly bad in the years 2017/20183 .
This example shows that, while there exist operational examples of multimodal
hinterland transport in practice, they can be hampered by serious challenges in the
coordination of parties. Many attempts to solve such challenges are fundamentally
envisaged changes to the way planning is carried out at the operational level. A
1 https://www.joc.com/port-news/rotterdam-barge-congestion-still-causing-48-hourdelays 20180418.html
2 https://www.evofenedex.nl/kennis/actualiteiten/puntenplan-moet-containerbinnenvaart-havenrotterdam-verbeteren
3 https://www.logistiek.nl/ketensamenwerking/nieuws/2017/10/heibel-de-rotterdamse-havendoor-gebrekkige-ketensamenwerking-101159195
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prominent example of collective action in the Port of Rotterdam is NextLogic4 .
This initiative has launched the development of a central planning tool, called
Brain, aiming to improve the planning and handling of barges in the port. All
barge operators entering the port area from the hinterland are expected to provide
information on their intended pick-ups and deliveries of containers at various
terminals, and Brain will develop a collective optimal plan, which aims to reduce
turnaround time, increase utilization rates of terminals and barges, and decrease
number of calls.
Van der Horst and Van der Lugt (2011) report that 32% of all coordination
arrangements address a lack of operational coordination.

Furthermore, 33%

addresses “under-utilization of assets”, which is in essence tightly related with
operational level planning. These examples emphasize the key role of operational
level planning and show its recognition by the industry and academia.
Transaction Cost Economics (TCE) (cf. van der Horst and de Langen, 2008; Van der
Horst and Van der Lugt, 2011) offers key arguments for collective action as a
viable approach for addressing coordination challenges. The need and willingness
to coordinate can be established at the strategic level in companies. However,
actual coordination (e.g. through collective action) consists of changing planning
processes and related operational decisions of individual companies dynamically.
Those planning processes are intricately interconnected, and only a thorough
understanding of such connections can yield effective directions for redesigns that
improve the overall efficiency of the hinterland supply chain. The TCE approach,
however, abstracts from planning activities that make up the actual coordination
effort of parties, and as such it gives little guidance on how coordination efforts
(e.g. collective action) can best be implemented in practice to address a particular
issue. Consequently, while TCE provides an important tool for analysing the need
and willingness for collective actions, an extension is necessary to help select the
right implementation at the operational level. Collective action comes in many
forms, but not all forms are equally effective.
Therefore, in this chapter we use the comprehensive framework built in Chapter 2
for modelling and analysing coordination challenges.

The framework extends

existing frameworks by considering operational level planning explicitly.

This

enables the development of structured models of (part of) the hinterland supply
4 https://www.nextlogic.nl/
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chain. Such a model depicts a comprehensive picture of coordination challenges
in terms of contracts, planning processes and physical processes interacting with
each other. Moreover, it illustrates the parties involved with their goals, decisions,
and constraints. In addition to analysing conflicting goals (as Van der Horst and
Van der Lugt, 2011), this allows one to gain specific insights into the dynamics
of coordination, and the possible mediating roles of information exchange and
changes in planning paradigms, contributing to effective solutions.
Explicitly considering planning activities comes at the price of elaborate and in
depth models that are more burdensome to construct and analyse (compared to
Van der Horst and Van der Lugt, 2011). Further contributions of this chapter are
directed at alleviating this burden. We provide a step-by-step method on how to
model and analyse a coordination challenge using our proposed framework. The
method involves the following steps: 1) Construct the model; 2) Identify conflicting
goals; 3) Assess causality, the impact of uncertainty, and contracting requirements;
4) Assess the information flow. These steps structure the subsequent analysis,
though admittedly some domain expertise will still be required in the analysis.
We use the barge congestion problem in the Port of Rotterdam as a case study, and
show how the proposed framework leads to deeper insights.
Against this background, the remainder of the chapter is organised as follows. In
Section 3.2, we review the literature on coordination challenges and modelling
approaches in multimodal transport.

In Section 3.3, we present the research

methodology. In Section 3.4, we discuss how a specific coordination challenge can
be actually modelled and analysed. In Section 3.5, we provide an application of the
framework on the barge congestion problem in the Port of Rotterdam. Section 3.6
presents the conclusions.

3.2.

Literature Review

Hinterland connections are a key dimension of a port’s competitive position (Parola
et al., 2017; Rodrigue and Notteboom, 2009). The importance of multimodalism for
efficient hinterland transportation is widely acknowledged (e.g. van der Horst and
de Langen, 2008; Van der Horst and Van der Lugt, 2011; Veenstra and Zuidwijk,
2016).
Studies of multimodal (hinterland) transport, aiming at its improvement, often

3.2 Literature Review
employ precise mathematical models to represent planning processes.
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few notable exceptions, these works model planning problems as mathematical
optimization models with a single decision maker. SteadieSeifi et al. (2014) provide
a comprehensive review of such papers. In contrast, a significant number of
researchers explicitly recognize that multimodal transport networks consist of
many different parties and the resulting distributed decision-making may lead to
inadequate coordination. In this section, we first review the qualitative, and then
the quantitative studies recognizing coordination as a challenge.
The notion of coordination challenges in multimodal transport and the multi actor
view, particularly in the hinterland of seaports, has been recognised for years.
A relatively large number of papers is mainly qualitative, without mathematical
modelling of planning processes. van der Horst and de Langen (2008) study the
mechanisms to enhance coordination among the actors in hinterland transport,
present a dataset of coordination arrangements from industry and categorize them
under four groups: incentives, changes of scope, interfirm alliance formation and
collective action. Van der Horst and Van der Lugt (2011) employ an updated version
of the same dataset to analyse the relationship between the characteristics of the
problem and the specific arrangements made to increase coordination. Veenstra and
Zuidwijk (2016) discuss the operational and legal consequences, the role of pricing,
and the role of port authority regarding integration of multimodal networks with
ports. Fransoo and Lee (2013) bring a supply chain perspective to ocean container
transport. Their focus is on the ocean leg, but hinterland transport is also explicitly
discussed. Based on a detailed discussion, authors list several challenges for future
research including the coordination of container shipments across the supply chain
at operational level. Bouchery et al. (2015) study intermodal transportation systems
and emphasize the multi-actor characteristics of hinterland transport, the necessity
of coordinating container shipments and information exchange. Wiegmans et al.
(2018) also underline the need for coordination, and focus on the role of information
exchange in coordinating the actors of hinterland transport.
Other works focus on governance structures (Panayides, 2002), dry ports and
extended gates (Roso and Lumsden, 2010; Veenstra et al., 2012), comparisons
of regionalization of freight distribution and dry ports in North America and
Europe (Rodrigue and Notteboom, 2010, 2012) and multi actor analysis of hinterland strategies towards sustainability (Bergqvist et al., 2015). Like our work,

50

Chapter 3. A Framework For Modelling And Analysing Coordination
Challenges In Hinterland Transport Systems

these qualitative studies attempt to understand characteristics and limitations of
multimodal hinterland transport by analysing the impacts of distributed decisionmaking. However, our detailed and formal consideration of planning problems
focusing on operational level aparts us from this literature. Since solutions to
planning problems are the means by which coordination is achieved in practice,
including them in the analysis gives deeper insights, as the application of our
framework in Section 3.5 illustrates.
Coordination challenges are also studied quantitatively by explicitly including
multi-actor aspects in mathematical models (Douma et al., 2009, 2011a,b). In the
barge planning domain, for example, Douma et al. (2009) develop a multi-agent
simulation model with two groups of agents, barges and container terminals with
certain interaction protocols. The protocols can be seen as formal mathematical
planning models. Douma et al. (2011a) extend this paper by allowing restricted
opening times of terminals, incorporating deep sea vessel arrivals, time restrictions
for containers, and terminals with unbalanced workloads. Douma et al. (2011b)
further study the level of cooperativeness between the agents. Among three levels
of cooperation, namely low, partly or full cooperation, they conclude that either
low or full cooperation prove to be the reasonable alternatives. Bouchery and
Fransoo (2014) look at network design; they propose several models to represent
the objectives of the relevant actors and conclude that the non-aligned objectives
necessitate a multi-actor view when designing the hinterland network. Like us,
these approaches explicitly focus on the interplay between planning problems and
coordination. However, our framework is an attempt to facilitate the empirical
analysis of any specific coordination challenge in a generic way. Douma et al.
(2009, 2011a,b) and Bouchery and Fransoo (2014), on the other hand, address
specific coordination problems. Additionally, our focus is on an in-depth analysis of
contractual, informational, and other aspects of an existing coordination challenge,
while the work of Douma et al. (2009, 2011a,b) can be seen as a prescriptive
approach for planning within a specific problem.

3.3.

Research Methodology

The methodology used in this chapter consists of literature review and semistructured interviews as explained in Chapter 2. For brevity, we do not repeat
the details of the setup of the interviews, and refer the reader to Section 2.2.

3.3 Research Methodology
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We used the interviews as the source of information on coordination challenges.
The coordination challenges were identified during these interviews.

After a

coordination challenge is identified, we asked the opinion of other actors on the
same issue to draw the whole picture from different perspectives. The coordination
challenges identified or discussed during the interviews are listed in Table 3.1.
Among these, barge congestion is picked as a case study due to its complexity,
its long history, and due to the fact that it is one of the biggest problems.

Table 3.1: Summary of the coordination challenges identified or discussed during the
interviews
Role of the organization
Inland terminal,
barge operator,
road transport
operator

Active
region
The Netherlands

Inland terminal,
barge operator

The Netherlands

Transport operator (Road)
Port authority
Container
terminal,
transport
operator (Barge,
railway)

Europe

IT
service
provider
Transport
operator
(Railway, truck)

The Netherlands
Europe

Rotterdam
Europe

Coordination challenges identified or discussed
- Long barge waiting times at the port
- Delays in deep sea vessel arrivals
- Fixed cargo closing times
- Lack of incentive to optimize barge fuel
consumption
- Difficulty in getting barge call requests
approved by the terminals at the port
- Delays in actual handling of approved call
requests
- Short notice bookings from shippers or
forwarders
- Consolidation opportunities of containers
among barge operators
- Difficulty in getting barge call requests
approved by the terminals at the port
- Long barge waiting times at the port
- Short notice and uncertain shipper bookings
- Barge congestion at the port
- Uncertainty in barge arrivals to the approved
call requests
- Difficulty in getting barge call requests
approved by the terminals at the port
- Delays in deep sea vessel arrivals
- Uncertainties faced by container terminals
due to delayed notifications for pick-up of
import containers by transport operators
- Unreliable call requests by barges (‘Ghost’
requests)
- Synchronizing main haul (trains) and
pre/end haul (trucks)
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The findings on coordination challenges were complemented with a literature
review encompassing more than 70 papers mainly in the multimodal transport
domain. These included the articles found by queries on keywords, “coordination”,
“hinterland transport”, “multimodal”, “intermodal”, and the relevant papers that
were referenced in these articles.

3.4.

Modelling and Analysing Coordination Challenges

The framework and the reference model provide a general overview of the processes
that are relevant in hinterland transportation. However, a more in-depth model is
required to analyse a specific coordination challenge, and to gain insights in order to
develop effective solutions. The first step in constructing such a model is to answer
the simple question: What is the coordination challenge? Although the question is
simple, the answer usually is not. The interpretation of the problem, or challenge,
may depend on the actor defining it.

For barge congestion, for example, the

terminals tend to relate it to small call sizes, unreliable barge arrivals and ‘ghost’ call
requests; while for barge operators, the problem is long waiting times, unreliable
handling times, unnecessarily long notice periods. The coordination challenge we
use is a broad term encompassing various elements such as symptoms (e.g. poor
utilization rates, complaints), the intricate actions of the actors and their motivations
altogether. This is the actual reason why a detailed model is necessary.
This section presents the method for modelling and analysing coordination challenges using the presented framework. In Section 3.4.1, we describe how a coordination challenge can be modelled (i.e. mapping the processes, and the flows) in detail
using the framework and the reference model as the basis. After modelling, further
analysis is necessary to understand the dynamics, causal relations, motivations and
possible improvement points as explained in Section 3.4.2.

3.4.1 Modelling the coordination challenge
In theory, a model of a coordination challenge can be constructed by copying
the relevant parts of the reference model from Figure 2.4. In practice, however,
processes, contracts and information exchanges are likely to be specific to the case
at hand. Therefore, a model should be constructed for a coordination challenge as
follows, while freely drawing from the reference model as desired.

3.4 Modelling and Analysing Coordination Challenges
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1. Determine which planning processes are central to the symptoms or complaints, and insert them into the planning processes layer. Map the flow of
decisions and notifications between them. Identify one-to-many (i.e. a process
that affects multiple processes that are executed by different parties) and
many-to-one relations (i.e. a process that is affected by multiple processes that
are executed by different parties). These types of relations lead to snowball
effects and planning difficulties, and therefore need attention.
2. Identify the actors that execute the planning processes and model the
prevalent contractual structures by linking these actors with their contracts
and goals. Goals can be in line with the actor’s corporate strategy, such as
maximizing profit, or minimizing transit or idle times.
3. For each planning process, determine requirements that are imposed by
contracting processes.

Requirements can be time requirements, such as

pick-up or delivery dates, demurrage and detention conditions, modality, or
container quality.
4. Identify information that is exchanged between the physical and the planning
processes, such as container status, or disturbances in transportation services.
The model that is constructed in this manner forms the basis for understanding
and discussing the coordination challenge as it depicts: i) the actors involved and
their conflicting goals, ii) how the actors interact within/across the three process
layers. Based on the model, a more detailed analysis can be made to explore the
opportunities for improving the processes.

3.4.2 Analysing the coordination challenge using the model
Based on our interviews and empirical observations, we identified three main
commonalities among coordination challenges:

i) Conflicting and competing

goals among actors, and the role of contracts, ii) Complications due to causal
relations such as vicious cycles or chain reactions forming the problem, and the
negative effect of uncertainty and contractual requirements, iii) Missing or delayed
information flow. Coordination challenges typically emerge due to an interplay
between these factors. In this section we decompose the analysis based on these
three factors. These guidelines are kept generic so that they can be followed for any
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coordination challenge. For the same reason, a domain expertise on the planning
aspects is required to make the analysis.

I.

Identifying conflicting and competing goals, assessing the role of contracts

Coordination challenges arise due to problematic interactions between parties,
either within one layer, or between layers. Principal/agent theory predicts that
these interactions are characterised by conflict of interest. Conflicts of interest can
be resolved by contracts in which the gap between expectations and effort is
closed through monetary compensation. Problems occur where interactions are
required and a conflict of interest exists that is not compensated. The interests of
the parties are essentially materialized in physical processes through the goals of
planning processes. Therefore, a crucial step is to focus on the effects of contracting
processes on planning processes. Conflicts of interest can be observed directly
in the interaction (e.g. shipper’s need for fast delivery versus barge’s need for
consolidation) or in the form of competition between the parties (e.g. logistics
companies in the same region). This view fits to the industrial practices in van der
Horst and de Langen (2008), where an economic perspective is employed to improve
KPIs by forming different types of coordination mechanisms.

Our framework

depicts a wide view on the parties who interact the most, which contracts bind
them, what their goals are, and how these goals and contracts align with planning
processes. Having a wider and more complete view can help understand how
contracts should be made.
More specifically, the following steps are to be taken: the main actors of the
planning processes and their goals are checked for conflicts or competition, and
the role of contracts is assessed for improvement. For example, terminal planning
and barge planning have conflicting goals, while different barge planning processes
compete for the limited quays.

For conflicts, the contracts should specify a

solid base to define the obligations and limitations, so as to achieve some form
of coordination between interacting parties. For example, barge operators and
container terminals lack such a direct contract, which can easily be seen. For
competing goals, collaboration opportunities can be explored to create win-win
situations. For example, barges on the same corridor can consolidate their loads
to cut on costs or exchange cargo (which is being done to some extent) to share the
limited quay.

3.4 Modelling and Analysing Coordination Challenges
II.
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Identifying causal complications, uncertainty factors and requirements

It is important to note that processes in hinterland transport are complex and highly
interdependent. As a result, in case of delays or additional costs (e.g. additional
moves while unloading a barge in a container terminal), the parties tend to blame
each other. In the contracting phase, it is not practical to define and list all of the
possible outcomes and address each case (Hart, 1995), as this incurs transaction
costs (van der Horst and de Langen, 2008). Saussier (2000) states that incomplete
contracts are a reality, and argues that the reason to have such contracts is to save
on transaction costs. Therefore, it may be possible to focus on improving planning
processes to alleviate these unwanted situations with better coordination, and avoid
further arguments.
Improving the planning processes necessitates a thorough understanding of causalities, which is not straightforward to keep track of. A change in a planning process
may trigger another change in a different process causing a chain reaction or
snowball effect. It is also possible that the effects due to a change made by the
source returns back to the origin, causing a vicious cycle. Quite often, there are oneto-many or many-to-one type of relationships, escalating the situation by increasing
the number of affected parties. For instance, a change in terminal plans may lead to
changes in dozens of barge rotation plans (i.e. one-to-many), which affect multiple
end-haul plans. Similarly, a rotation plan involves a large number of containers
in the same barge (i.e. many-to-one). Even if a single container is late due to, for
instance, a delay in commercial release, the barge (and all the containers on it) may
be delayed. These relationships should be exposed by detailed analysis.
When a planning process includes vicious cycles, chain reactions or snowball
effects, there are two common groups of factors creating and maintaining the causal
relation: Uncertainty and requirements. These two factors can be considered to
be the fuel feeding the problem, and should be reduced. Uncertain factors lead
to conservative plans (to ensure feasibility), short notice changes, or long notice
periods exerted on other planning processes. One can identify uncertain factors due
to physical disturbances or planning changes, and aim to reduce the uncertainty.
Due to the nature of hinterland transport, reducing uncertainty may not be possible
in some cases. In such cases, methods can be developed to foresee unexpected
events earlier, for instance using data science techniques, and act resiliently through
fast information exchange. Another factor to check is the requirements imposed by
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contracting processes. There is a wide range of requirements. The obvious ones are
container related, for example, due dates, demurrage and detention conditions,
origin-destination, and mode choice.

Not so obvious requirements regarding

planning processes are, for example, minimum call sizes needed, notice periods
for making a call request, slot allocation in railways.
The steps to be taken are as follows: The framework provides a basis to start
an initial problematic decision, say a change in the berth allocation plan. Then,
one can trace back/forth the upstream or downstream flows to detect factors (i.e.
uncertainty or requirement) leading to vicious cycles or chain reactions. Essentially,
each step will involve causal relations between the actions created by planning
processes. For each process and action, requirements and uncertain factors are
identified. Thereafter, these factors can be assessed, and challenged to avoid them
or reduce the negative effects.
Challenging the contributing factors one by one may result in innovative solutions.
For instance, it may seem quite straightforward that a barge has to load an import
container from the terminal to which the deep sea vessel discharged. However,
the Port of Rotterdam plans to improve the connectivity of container terminals in
Maasvlakte by a project, the Container Exchange Route, which will make it possible
for containers to be exchanged between terminals. Hence, the strict requirement of
which terminal to be visited is relaxed, barges may make fewer calls with bigger
call sizes. Likewise, different scaled solutions can be developed by the experts to fit
to the problem and budget. Iterating in this manner, one can reduce the negative
effects of vicious cycles or chain reactions, if not completely remove them, and
create effective solutions.

III.

Identifying missing or delayed information flow

The role of information systems in industry grows increasingly to deal with large
streams of data. Wiegmans et al. (2018) emphasize the importance of information
in hinterland transport, and particularly discuss the information needs of the actors
under three groups: Information about containers, information about transport
means and information about the container terminal. The multi-actor, dynamic
and highly uncertain nature of hinterland transport necessitates a synchronization
among the actors in order to act together and avoid under utilization of resources.
This synchronization can be supported by on time exchange of information
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throughout the affected parties. Therefore, the actors can: i) make optimal decisions
initially with more information, ii) act effectively in case of disturbances that are
noticed earlier in a proactive manner. However, currently, it is common practice to
communicate through manual channels such as emails and phone calls; planning is
done manually by human planners. Information systems are still being used to an
extent, but even then the integration of IT systems of different actors is not mature
enough. As a result, data either do not reach the affected parties or get delayed,
hindering the planning process.
The steps to take to assess competence of information flow are as follows: The
failures in data exchange can be detected by mapping the flow of information in
terms of timing and reachability. The time an event takes place (either a planning or
physical event), whether the information reaches the related process or not, and the
time the data are transferred can be recorded. This way one can assess if the data,
when transferred sooner, can lead to better planning. For instance, it is possible that
a shipping line decides to drop the import containers at a different port, voiding
all the arrangements the barge operator has made. If this information is not shared
timely, the barge may lose time before changing its rotation plan.
It should be noted that the underlying idea of information exchange is to create
value for some actors, while it may not create value for the others that play a role in
the exchange of information. This makes information an asset and may necessitate
an information exchange protocol be set through contracts.

3.5.

Modelling and analysing barge congestion in the
Port of Rotterdam with the proposed framework

In this section we show how the method from the previous section can be used
to analyse the barge congestion case in the Port of Rotterdam.

This problem

includes all of the typical coordination issues in itself making it a good case to
explain how the method can be used. The problem involves two main actors: Barge
operators and container terminals. Barge operators complain about the excessive
waiting times in the port, idle quay cranes and unreliable call times, while container
terminals complain about the small call sizes, no-shows and unreliability of the
barges due to the changes in their rotation plans.
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3.5.1 Modelling the coordination challenge: Barge congestion
Figure 3.1 shows the model that we created for this coordination challenge. The
model was created using the framework and the reference model, while following
the method in Section 3.4.1.
The following steps are completed while building the model:
1. The main processes are barge planning and terminal operations planning. The
main flow between processes are call requests and approvals. If necessary,
changes are made (middle region with dotted pattern). One-to-many and
many-to-one relations are depicted with multiple head arrows.
2. The barge operator and the container terminal are the actors executing
the main planning processes.

Barge planning aims to minimize waiting

time, terminal planning aims to maximize crane efficiency. The shipping
line has a capacity agreement with the container terminal; its main clauses
are hinterland booking and deep sea leg booking, which determine the
requirements in Step 3.

These are typical in most cases independent of

haulage type and incoterm. However, who will make these bookings depends
on the type of haulage and incoterm, as discussed in Section 2.5.1. Modelling
all cases is not practical for the purposes of this chapter. Therefore, we assume
an import activity, where the buyer is responsible for hinterland booking, and
the seller is responsible for deep sea leg booking. This is also convenient
for the purpose of this chapter since it illustrates the conflicts of interest (i.e.
multi actor view) when hinterland and deep sea leg bookings are made by
different actors. Hence, the seller makes the deep sea leg booking, the buyer
makes a hinterland booking via a forwarder, and the forwarder appoints a
barge operator for hinterland transport.
3. Barge planning is done in line with delivery due dates, demurrage and detention conditions as requirements, under uncertainties on call approvals/changes
from terminal operations planning. Likewise, terminal operations planning is
done in line with incoming call requests/changes, prioritization of deep sea
vessels, under uncertainties on call request changes from barge planning and
delays/no shows in vessel arrivals (middle light blue region).
4. The items for physical processes are added (lower blue region).

Barge
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Figure 3.1: Model of the barge congestion using the proposed framework

planning operates under uncertainty on container availabilities (physical or
customs, commercial releases). Terminal planning operates under uncertainty
on vessel arrivals.
In this model, the actors pursue to minimize costs directly or through maximizing
their efficiency. In Table 3.2, we list and explain the cost items of barge operators and
container terminals mentioned during the interviews. It should be noted that this
is not an exhaustive study to list all the cost items. Our purpose is the provide the
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background information on the relevant costs, and how they affect the perspectives
of the actors.

Table 3.2: The explanation of costs incurred by barge operators and container terminals

Actor

Cost item

Explanation

Barge

Capital costs

Cost of hiring a barge, financing
costs

Barge

Operating costs

Cost of labor (crew), maintenance, insurance

Barge

Costs
of
excess
moves
during
loading/unloading
containers

Barge

Cost of calls, requests, changes
Demurrage and
detention costs

Barge

Fuel costs

Barge

Port charges

Normally, barges do not pay for
the calls or the moves. However,
if excess moves are necessary
due to the barge operator’s fault,
such as putting a container under
another container, barges may
bear the cost
Normally, barges do not pay for
the call requests or calls.
High penalties paid by the barge
operator due to violating demurrage and detention times.
May depend on the distance,
weight of the load, water depth,
etc. Typically, constitutes a low
portion of the total costs.
Costs paid to the port authority

Container
terminal
Container
terminal
Container
terminal

Capital costs

Financing high value equipment

Lease costs

Paid to the port authority for use
of land
May depend on the number of
operating cranes and the number
of personnel hired.

Barge

Labor costs

Fixed
Variable
Fixed
barge
period
Fixed
barge
period
Variable
move

/
per
per
per
per
per

Variable per
container
per day
Variable

Fixed
barge
year
Fixed
period
Fixed
period
Variable

per
per
per
per
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3.5.2 Analysis of the barge congestion
Based on the model, the analysis for improvement is provided in this section using
the steps in Section 3.4.2 as follows.

I.

Identifying conflicting and competing goals, assessing the role of contracts

Firstly, the main goals of the planning processes (i.e. minimize waiting time of
barges and maximize crane efficiency of terminals) seem to be in conflict. When we
check the contractual relation between the actors carrying out the two planning
processes, a direct contract is missing. This is a major problem, since in this
circumstance it is hard to sustain good coordination and commitment. To overcome
this problem, for example Europe Container Terminals (ECT) proposes guaranteed
weekly time windows for barge operators, who pay a fee and promise a minimum
call size of around 180 TEU. Therefore, a contract is being formed and uncertainty
is reduced by manipulating the actions of actors.
The barges compete with each other for the limited quays. All sorts of collaboration
such as consolidation, and container exchange agreements can help barges increase
their call sizes.
Forwarders play a role in commercial and customs releases, which imposes an
uncertain factor on the availability of containers. However, forwarders do not
have a direct benefit from sorting out releases immediately, which could decrease
associated uncertainty and increase flexibility of barge planning.

II.

Identifying causal complications, uncertainty and requirements

A change in rotation plans leads to uncertainty in terminal planning, which in turn
may lead to a change in berth allocation, thus causing a vicious cycle. Moreover,
other barges and terminals may be affected. As a result, unless really necessary,
barges should stick to the original plans. This can be supported by contracting
schemes.
A change in call request is undesired. Delays in container availabilities (deep sea
vessel arrivals, commercial and custom releases) is an uncertain factor. It may be
possible to establish more robust procedures to ensure there will be no problems
regarding commercial and customs releases.
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Demurrage and detention conditions is a limiting factor in the timing and call size
of barge planning. In this specific case, these conditions depend on the choice by
the seller who does not have a direct interest on hinterland transport. Since the
seller has no direct benefit in better D&D conditions, trucking may be necessary
due to short D&D conditions.
Another limiting factor is the number of different terminals and empty depots. A
barge operator deals with more than 20 different terminals/depots, which decreases
the flexibility of the barge operator while planning.
The buyer may ask faster deliveries, limiting barge planning and forcing them to
shift to trucking.

III.

Identifying missing or delayed information flow

This step requires a more thorough study, which includes tracing the information
exchange. For completeness, some observations are provided below:
The delays in deep sea vessels are best known by the shipping lines operating them.
It may be possible that they delay giving info on expected delays to the container
terminals, or be over-optimistic to ensure they will not wait. This is a problem since
deep sea vessel delays have important negative effects.
Even if the shipping line shares the information with the container terminal on
time, it is not guaranteed that this information will ever reach the barge operator.
Without this information, the barge operator may waste time and lose the chance
of changing their plans on time.
When a shipper makes a booking with a barge operator, there is no guarantee that
this information will be shared on time with the container terminal. The terminal
may thus lose the opportunity to optimize stacking operations.
It is also possible that a shipper makes a booking with a barge operator in short
notice, which could happen after the barge has already finalized its rotation plans.
Not having the complete information on bookings prevent the barge operator from
making optimal plans. We focus on this issue in the next chapter.
When the departure of an ocean vessel is delayed, this information may not be
shared with the operator. Moreover, even if this information is shared, the cargo
closing time (i.e. the latest time that an export container should be unloaded to the
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terminal) is not updated, and the operator has to obey the original earlier closing
time, thus limiting their flexibility.
Customs/commercial releases can be improved by push notifications among the
actors through integrated IT systems, leading to detecting problems early.
As we have seen in Section 3.4.1, a typical coordination challenge is a combination
of all three factors contributing to the problem. In barge congestion, this is not
different:
1. The barge operators and container terminals’ goals clearly conflict and the
contractual links are very indirect, and thus ineffective in resolving contracts.
2. The changes in rotation plans and berth allocation plans are tightly related,
causing chain reactions or vicious cycles. The causal relations are fed by
uncertainties such as deep sea vessel/feeder arrivals, commercial and customs
releases, delays in the handling of barges by the terminals and delays in barge
arrivals. In many terminals, stringent demurrage and detention conditions
limit the action space of barges.
3. The information flow depends on manual methods, and the actors exchange
information at their will, which increases uncertainty.
This case study clearly demonstrates; i) how the observations made using an
economics perspective can be identified in a structured way (cf. van der Horst and
de Langen, 2008); ii) how the analysis decomposes the coordination challenge and
enables users to spot key operational flaws that are not readily seen.

3.6.

Conclusion

Coordination problems in hinterland transport have been studied by various
authors from an economic perspective (van der Horst and de Langen, 2008; Van der
Horst and Van der Lugt, 2011).

These studies discuss the growing need and

intentions for collective action, and the conditions such actions would be successful
at a strategic level. They say little, however, about how to redesign operational level
planning to realise such intentions in practice. To fill this gap, we propose a method
to construct and then analyse a coordination challenge using the framework, which
then helps to identify potential points for improvement. More specifically, the
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analysis involves: checking the conflicting goals and assessing the role of contracts,
assessing the causal relations to reveal vicious cycles or chain reactions, identifying
uncertainty factors and requirements that reinforce the causal relations, and finally
assessing the reachability and timeliness of information exchange.
The main goal of the method is to create a better understanding of a coordination
challenge, which enables effective improvements. We show the usefulness of the
method by applying it to the barge congestion problem in the Port of Rotterdam.
Firstly, we show how the changes in rotation plans and berth allocation plans trigger
each other, leading to a vicious cycle of planning updates. We identify the key
uncertain factors and show their negative impact on planning; namely, uncertainty
in container status, call requests and approvals, and actual arrival and handling of
barges. We also discuss the role of dynamism in the form of unforeseeable events
and the role of information exchange. When such events occur, the information
needs to be exchanged in a timely manner. Inefficiencies in information exchange,
such as the delayed sharing of updates in deep sea vessel arrivals or shippers’
making bookings with short notice, contribute to increased uncertainty for barges
and under utilization of resources. These factors are discussed in detail in the next
chapter.
The framework also reveals the misalignment of contractual relations with respect
to planning. For example, the undesired demurrage and detention conditions when
the seller makes the deep sea leg booking and the lack of a contractual link between
the barge operator and container terminal, who interact intensively.
The method’s main contribution is that it helps to reveal new insights that could
lead to improvements. Although it is not the main aim of this chapter, the potential
impact of the increased insights can be illustrated by the study of examples from
academia and the industry. For example, in the barge congestion case, we underline
the negative impact of uncertainty in call handling by the container terminals.
Douma et al. (2011b) show that only by sharing information and committing to the
approved call reservations, container terminals can decrease the average waiting
times of barges by 9%, while keeping the terminal efficiency fixed. The insights
gained have also relevance in practice. For example, in the Port of Rotterdam,
many ongoing projects aim to solve inefficiencies in information exchange such as
Portbase and Next Logic as pointed out in Section 3.4.
The method in this research is primarily meant to model and analyse a specific
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coordination challenge. Future research can be done to develop a method for
identifying the coordination challenges for the whole hinterland transport using
the framework. Such a study would complement ours in that the prospective study
would identify the challenges while this study can be used to model and analyse
the identified cases specifically. In the next chapter, we focus on the impact of the
two specific factors relating to uncertainty and dynamism. We quantify the impact
of uncertain container delays and dynamic bookings on barge planning.
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4
Dynamic Barge Planning With
Stochastic Container Arrivals

In Chapter 2, we mention the negative impact of uncertainty and dynamism from
a broad perspective. In Chapter 3, we give examples of these factors and illustrate
how they cause operational problems in detail. In this chapter, we focus on two
of them: uncertain container delays and the process of order receiving through
time. Uncertain container delays limit the flexibility in barge planning and lead to
less utilization rates, while dynamic orders lead to limited information availability
during planning. We quantify the impact of these two factors using real data of
an inland terminal. We propose a method that mimics the operations of a barge,
and quantify the performance. The proposed method consists of iterating weekly
operations for one year to evaluate the long term performance. Each iteration
involves solving a stochastic program for planning barge calls, and then simulating
actual events. We show that uncertainty has an impact of up to 53% and dynamism
up to 20% on total costs.

4.1.

Introduction

Multimodal transport has potential economic, societal and environmental advantages over road transport due to economies of scale facilitated by high capacity
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A modal split with less road transport results in decreased carbon

emissions, road congestion, unit transportation costs, a better connectivity and
higher competitive power of the port (Parola et al., 2017). The critical role of modal
split is recognized by governmental institutions and port authorities: In 2011, the
European Commission set a target to shift 30% of all road freight transport over
300 km to rail or waterborne transport by 2030, and 50% by 2050. The Port of
Rotterdam (PoR) aims to increase the share of barge transport in the Maasvlakte
area to 45% by 2030. However, despite the favorable geographical conditions for
barge transport and the efforts of the port authority, the modal split in PoR has
been stable around 41%. A major cause is the inefficiency in the transport chain
due to the coordination problems between the actors at operational level planning
(van der Horst et al., 2019). The aforementioned coordination problems particularly
arise due to high uncertainty and dynamism (Gumuskaya et al., 2020b), which are
particularly evident in hinterland transport. In practice, in a highly uncertain
and dynamic environment, the transport operators prioritize satisfying customer
requirements, while engaging in optimization of their operations to a very limited
extent. This leads to an increase in the total costs and undermines the modal split.
In freight transport literature, the adverse effects of uncertainty such as demand
variability or disturbances in services are commonly acknowledged (SteadieSeifi
et al., 2014; Lium et al., 2009).

Specifically for hinterland transport, the low

reliability of deep sea vessel arrivals, delays in customs procedures and cargo
preparation of export containers are major issues in operational level planning.
For example, the estimated reliability of the 2M carrier alliance, defined as the
proportion of actual arrivals within 24 hours of the declared ETA, was reported to be
as low as 26.5% in February 2018 on the Asia - North America East Coast (SeaIntel,
2018), and ranged between 60% and 80% during 2018 in Asia-Europe routes. In
addition to the physical availability of the container, documentary and regulatory
processes (e.g. problems with customs and carrier releases) prevent timely release
of the containers for inland transport. In previous research the aforementioned
uncertain delays, which we broadly refer to as uncertainty in container arrivals for
convenience, are recognized but are not analyzed quantitatively (Notteboom, 2006;
van der Horst and de Langen, 2008; Gumuskaya et al., 2020b).
In addition to the uncertainty in container arrivals, dynamism complicates barge
planning. A barge operator has to decide which terminals to make calls at, and
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which containers to load/unload with a significant notice period ahead of the
actual handling. During this time gap, new information becomes available such as
new incoming orders, delays and cancellations. Hence, the information is revealed
throughout time leading to limited information at the moment of decision making
(Pillac et al., 2013). Therefore, there is not only an uncertainty in container arrivals
for the transport orders already received (with known origin-destination terminals
and estimated arrival-due times), but also new transport orders arrive after the plan
is already made with no prior information (i.e. dynamism). As a result of the
uncertainty and dynamism, the efficiency of operational plans decreases, which
undermines the competitiveness of barge transport.
To study the impact of uncertain delays and dynamism on barge planning, we
design a solution procedure that determines weekly barge plans with an overall aim
to minimize yearly costs taking into account uncertainty in container arrivals and
dynamism in receiving orders. The overall procedure consists of planning barge
calls for each week at discrete times iteratively, while the evaluation is based on the
total cost of the whole year (See Figure 4.1). At each iteration, the weekly problem
is modelled as a two-stage stochastic mixed integer program (MIP) based on the
already received orders (i.e. limited information) with an objective of minimizing the
expected costs of one week. After the plan is set, the simulation starts: New transport
orders arrive (of which the actual container arrival can be at the same week),
actual container arrivals are simulated and actual costs are incurred (either barge
or trucking costs), which are summed for the whole year and used for evaluation.
The weekly problem is stochastic due to the delays in container arrivals represented
by discrete scenarios; it is also dynamic as new orders may arrive for a given week
after the planning is already made. Note that these new orders that were unknown
at the time of planning may also lead to costs in the simulation stage. Moreover,
the overall procedure is dynamic as it is permitted to postpone a container to the
following weeks, which requires coupling of consecutive weeks, i.e. passing on
the information of observed arrivals or delays to next week in order to calculate
the conditional probabilities of arrival scenarios. Note that here, we use the term
“dynamic” to describe the multi-period characteristic of the proposed method. It
should not be confused with “dynamism”, which we refer to as the orders being
received by the barge operator through time.
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Figure 4.1: The illustration of one iteration for week t as part of the overall procedure

Our contributions are two-fold: First, our experiments yield important insights
regarding the impact of uncertain delays and dynamism on the performance of
barge planning. We show that uncertain delays in container arrivals increase total
costs up to 53% compared to the deterministic case. We also show how dynamism
leads to limited information at decision time, and increases costs up to 20%. During
the computational experiment, we test different planning horizons from 1 day to
14 days planning ahead, and illustrate that more than half of the time the best
performance is achieved with a horizon of 3 days. Second, from a methodological
point of view, we contribute a novel approach: Our stochastic program is applied
repeatedly in combination with simulation in a multi period fashion with realistic
order sizes. The stochastic program plays the role of planning agent, while the
simulation plays the role of real world execution. In this manner, uncertainty and
dynamism are both incorporated, and their impact on the long term performance
is analyzed in a realistic context. While stochastic programming is widely applied
as a methodology in other domains, in hinterland transport domain there are just
few examples, none of which combines it with simulation nor involves uncertain
container arrivals or dynamism.
Against this background, the remainder of this chapter is organized as follows:
In Section 4.2, we review the literature on barge planning with an emphasis on
stochastic and dynamic aspects. In Section 4.3, the problem setting is described in
detail. In Section 4.4, the overall solution procedure, which consists of planning
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weekly barge calls with a two-stage stochastic mixed integer model and simulation
of actual events are explained. In Section 4.5, the setup of computational experiment
and the results are discussed. Finally, in Section 4.6 we conclude the chapter and
discuss further research ideas.

4.2.

Literature Review

SteadieSeifi et al. (2014) provide a structured overview of planning problems in
multimodal transportation in three levels: strategic, tactical and operational. Barge
planning, as we discuss in this chapter, addresses both tactical and operational
aspects as both weekly service schedules (i.e.

the day of visits and which

container terminal to call) and assignment of individual containers to the services
are determined.

The previous research on barge planning mainly employ a

deterministic view: Fazi et al. (2015) study barge planning as a deterministic
problem in two levels, and develop a metropolis algorithm, which is quite similar
to simulated annealing algorithm. Firstly, a master route is determined for visiting
the sea terminals, and then the routing within each sea terminal (i.e. rotation plan)
is specified. Braekers et al. (2013) study the round-trip services of a barge that
aims to maximize its revenues by fulfilling transport orders taking into account
the empty container repositioning. They model the problem separately from the
barge operator’s and shipping line’s perspective and conclude that shipping lines
can reduce costs by integrating barge planning with empty container repositioning.
Bredström et al. (2015) formulate the routing of barges and the amount of inventory
to be carried by each barge (i.e. bulk transport) in discrete time units as a mixed
integer model, while the capacity of the barges depend on the routes due to varying
water depths. Choong et al. (2002) study the impact of planning horizon on empty
container management of barge transport.
In both operational and tactical levels, uncertainty and dynamism are two important
factors that define the formulation and the solution approach.

In particular,

barge planning involves a high uncertainty (i.e. demand, container availabilities,
call handlings) and dynamism (arrival of orders throughout time, rescheduling
of rotation plans) that has a crucial impact on how decision making is done
(Gumuskaya et al., 2020b). Uncertainty and dynamism work together in that
gradual availability of uncertain events obliges decisions to be made with limited
information, which inevitably decrease the quality of the solution. Next, we discuss
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how uncertainty and dynamism are studied in literature.
Uncertainty is a daily challenge in freight transport that causes deterministic
solutions to perform poorly in real life (Bai et al., 2014) necessitating stochastic
solutions. It is the fundamental reason of the curse of dimensionality through the
exponential growth of the number of scenarios in stochastic models (Rivera and
Mes, 2017). The problems often become intractable to be solved to optimality for
realistic instances; scenario sampling, working with small sized instances (Lium
et al., 2009) and using metaheuristics are popular ways to deal with this problem.
Xu et al. (2015) formulate container allocation in a synchromodal transport network
as a two-stage stochastic integer programming model with random demand
without empty container repositioning. They propose a genetic algorithm based on
simulated annealing and show its advantages over genetic algorithm or simulated
annealing algorithm used alone. They use a one time decision making moment
without dynamism. Rivera and Mes (2017) formulate planning of long haul round
trips between an inland terminal and a number of terminals in the port as an
MDP (Markov Decision Process) problem, which involve both dynamic (orders
arrive daily) and stochastic aspects (the number, origin or destination of orders
are uncertain), and is solved by Approximate Dynamic Programming (ADP). This
study also incorporates the multi-horizon approach of barge planning. Zweers
et al. (2020) study operational transport planning in the hinterland of the Port
of Rotterdam, where the number of containers that can be loaded/unloaded in a
container terminal is uncertain. They assume a single inland terminal and multiple
terminals in the port. The problem is modelled as a two-stage stochastic program
with recourse and solved with methods such as Sample Average Approximation
(SAA) and heuristics. Nabais et al. (2015) focus on allocation of containers to the
transport capacity in discrete decision points so as to achieve a modal split using
a model predictive approach. The objective is to anticipate future peaks based
on the current and past orders and transport capacity, and thus the uncertainty is
implicitly taken into account. Dullaert and Zamparini (2013) focus on the reliability
of the service lead times on a barge network, and they offer a simulation based
framework to assist practitioners in decision making in order to improve the speed
or reliability of services.
In multimodal transport, dynamism is often reflected by the container orders arriving
through time. In vehicle routing problem literature for example, the most common
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aspect of dynamism is the online arrival of orders during the operation causing
limited information (Pillac et al., 2013). Fazi and Roodbergen (2018) study the
impact of demurrage and detention costs on barge planning. They show that when
transport orders are revealed throughout time, this leads to limited information
while planning, which in turn has an impact of up to 31% on total costs compared
to the complete information case. They also illustrate how this impact changes
with respect to the length of the planning horizon.

van Riessen et al. (2016)

propose a decision tree based algorithm that allows assigning incoming orders to
the available services instantaneously in real time. The method includes setting
up decision trees based on the optimal solutions of various instances. Similarly,
Mes and Iacob (2016) propose an online support tool for planners that is used
to support human planner in assigning orders to the available services. First,
for each origin-destination pair, a set of rules are run and unrealistic paths are
eliminated. Second, for the incoming orders, the human planner is provided a
pareto optimal solution set to assign incoming orders to the services based on a
multi objective approach considering cost, delays and emissions. Another aspect of
dynamism involves the disturbances happening during the execution, such as service
breakdowns, delays or congestion. van Riessen et al. (2015) study the impact of
disturbances in services such as early, delayed or cancelled departures. Qu et al.
(2019) propose a replanning algorithm due to the disturbances in a hinterland
transport network. Bock (2010) proposes a real time improvement procedure for
freight forwarder transportation networks, where vehicle routing is integrated with
multimodal transport chains. The procedure is executed in a rolling horizon fashion
and involves a process layer (i.e. actual realizations) and an adaptation layer (i.e.
planning and optimization). In process layer, the plans from adaptation layer is
frozen for a certain duration while actual realizations and disturbances occur such
as new order arrivals, disruptions or delays subject to uncertainty. In light of the
actual realizations and disturbances during the frozen period, an algorithm checks
if better solutions exist for the future planning horizon, and if so plans are updated.
As a result of using more information in this dynamic improvement procedure,
significant cost savings are reported. Li et al. (2015) formulate the planning of
a horizontally integrated intermodal freight transport operator with a receding
horizon control approach in two levels. In the first level, the flow between the
nodes (terminals) are determined for the given demand; while in the second level,
the individual assignment of containers are made under the dynamic conditions
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such as disturbances (e.g. new or canceled bookings) or traffic congestion. Feng
et al. (2017) and Douma et al. (2009) focus on the dynamics within the port, and
employ a multi agent approach to model the interaction of barges (i.e. making
rotation plans and making call requests) and the terminal operators (i.e. accepting
or rejecting call requests from the barges) located in the port. Gharehgozli and
Zaerpour (2018) refers to this interaction and show that the limited information
or delays in barge arrivals have a negative impact on stack utilization in container
terminals, and that the uncertainty leads to more reshuffling.
To our knowledge, this chapter is the first study to analyze the impact of uncertainty
in container arrivals on barge planning quantitatively. Rivera and Mes (2017) and
Zweers et al. (2020) are most related in that their main problem is also determining
a rotation plan between a single inland terminal and multiple terminals located in
the port. There are significant contextual and methodological differences though:
The uncertainty in Zweers et al. (2020) is the number of containers that can be
loaded/unloaded in a terminal for a given order set, while in Rivera and Mes (2017)
the orders are completely stochastic (i.e. origin, destination, and time requirements
are unknown). In this chapter, we assume the orders have expected arrivals, but
their actual arrival date is uncertain. In this chapter and Rivera and Mes (2017),
a multi horizon approach is adopted and the orders are received dynamically
through time, while Zweers et al. (2020) plan a single period without dynamism.
Methodologically, Zweers et al. (2020) and our study use a stochastic programming
formulation, while Rivera and Mes (2017) use an MDP formulation. Rivera and
Mes (2017) and our approach explicitly consider time requirements of the container
in terms of an arrival and due date, while Zweers et al. (2020) exclude the time
dimension.

Table 4.1: Comparison with the most relevant papers
Paper
Rivera and Mes (2017)

Zweers et al. (2020)

This study

Uncertain factor
Number,
Origin-Destination,
Container arrival date, Due
date
The number of containers that
can be loaded and unloaded at
a deep-sea terminal
Container arrival dates

Order
receiving
Dynamic

Planning horizon

Static

Single period, no
time dimension

Stochastic program

Dynamic

Multi period with
time dimension

Stochastic program
& Simulation

Multi period with
time dimension

Modelling
approach
MDP
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Problem Setting

In this section, we provide the details of the problem we address and our
assumptions. More specifically, we explain the typical activities of the barge during
a week, the requirements to fulfill transport orders and the details of decision
making activity of the barge operator.
The problem we describe is inspired from the operations of an inland terminal
operating a single barge.

Based on the fact that this is a typical case in the

Netherlands, we also consider a single barge in the mathematical model. Note
that it is possible to extend the model with a larger fleet. We assume a network N,
consisting of terminals k ∈ N as nodes, and a barge making trips between the single
inland terminal (k = 0) and terminals located in the port (k ∈ {1, 2, .., | N | − 1}) (See
Figure 4.2). One round trip takes two days, and a port visit is followed by an inland
terminal visit immediately in the consecutive day or vice versa. According to the
inland terminal we based this study on, a one-way sailing time is around 10-11
hours on average. For example, one round trip is as follows: At the first day, the
barge is at the port and spends 24 hours for making the calls. The next day it
sails to the inland terminal, loads/unloads the containers and sails back to the port,
which in total makes another 24 hours and the pattern repeats itself. The time spent
at the port is higher than the time spent at the inland terminal due to the sailing
and waiting time between the multiple calls. At the inland terminal only one call
is made, the quay is dedicated to the barge so there is no waiting time. In other
words, the barge alternates between the port and the inland terminal each day, so
a container picked up at the port (or inland terminal) at day t will arrive at the
inland terminal (or port) at day t + 1. During a port visit, the maximum number
of calls is limited due to factors such as sailing time within the port, disturbances
in call handlings or disruptions (Douma et al., 2009). Also in practice the barge
operators put buffer times between barge calls and limit the number of calls in a
given port visit against such uncertainties. We associate a coefficient (0 < σk ≤ 1)
for each terminal k to represent the fraction of a day needed to be reserved for
a call considering the inherent uncertainty in the port (e.g. σk = 0.2 implies that
the maximum number of calls is 5). During a port visit, the waiting times, travel
times and mooring times, which depend on the number of calls, dominate the
actual load/unload times characterized by the number of individual containers.
Therefore, the main limiting factor is the number of calls, while the the number of
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containers to be loaded/unloaded at each call is typically ignored.

Figure 4.2: An example representation of the network with 1 inland terminal and 5
terminals in the Port

The barge operator decides which terminals (k) to make calls at which days
(t) within the planning horizon of week w (Tw ) (i.e. make the rotation plan),
characterized by the decision variable Xkt . In the course of events, terminals oblige
the barge operator to finalize the rotation plan a number of days ahead. This has
an important implication as it is possible that new transport orders arrive between
the rotation plan is decided and the day the call is actually made, which leads to
limited information at the time of decision making moment. Indeed, this is the
direct impact of dynamism: after the rotation plan is made, new orders arrive
that were unknown at the time of decision making moment, but these orders
have to be handled possibly causing additional costs. We assume this decision
making moment to be discrete at the start of each week, which is quite a common
assumption in literature (van Riessen et al., 2016; Lium et al., 2009; Fazi et al., 2015).
After the rotation plan is made, the barge calls cannot be changed or cancelled
based on the container delays (even if there is no container to be loaded/unloaded).
Each call incurs a cost of C B , which represents the fuel cost of the additional travel
from one terminal to another. Note that typically the loading/unloading of the
containers is charged to the customer, and thus not included in this model as a cost
item for the barge operator.
At the start of each week w, the barge operator has a list of import and export
transport orders already received (Iw ). Each order i has an expected arrival date ai at
its origin node oi ∈ N, and needs to be delivered to its destination node di ∈ N with
a due date bi . The orders arrive throughout time, and there is no time restriction for
the shipper to place an order. For example, the order can be placed at the same day
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as the expected arrival of the container or two weeks before. As discussed in Section
4.1, due to the delays in deep sea vessel arrivals or preparation of cargo, the arrival
dates of containers (ai ) are uncertain. Neither previous research nor the data we
have provides a reliable estimation of the probability distribution function of this
uncertainty. We assume that the delays of container arrival are independent and
identical random variables with known discrete probability mass functions. Due
dates, on the other hand, are deterministic due to static cargo closing times, service
quality concerns or demurrage and detention conditions (Although demurrage and
detention times can be violated, the penalties are so high that operators rarely
do so). In the cases where the due dates are not met, the container has to be
trucked immediately, and each container trucked incurs a cost of C T . This may be
a result of the operator’s plan and/or because the arrival of container is delayed.
If a container i has a due date beyond the planning horizon, there is no need for
trucking immediately as it may be postponed to the next week in the hope that it
will be picked up by barge then.
Regarding the operations of the inland terminal we get inspired from, the capacity
of the barge was not the main limiting factor in planning. The utilization rates were
around 70% or less on average, making the barge capacity shortages infrequent.
This is in line with the business model of barge transport: unit costs are much lower
than trucking making it economically viable to hire a larger barge than typically
necessary, thus ensuring that the capacity is only rarely a limiting factor. Note
that this is also appropriate given that the costs of too much capacity (a barge that
is a bit larger than needed) are much lower than the costs of too little capacity:
Any container that does not fit the barge must be trucked at high costs. Reference
numbers for these costs are 25 − 50 euros per TEU for additional barge capacity,
versus 250 euros per TEU for trucking. Therefore, from the perspective of planning
the barge visits, it is reasonable to ignore the barge capacity constraint. Also, from
a methodological perspective capacitated models cause tractability issues. In the
computational experiment, a high number of instances needs to be solved for the
sensitivity analysis of the parameters. Each instance involves 52 iterations of the
weekly problem for a high number of container orders, requiring the weekly plan
to be solved quite fast. Due to these factors, we model the weekly problem ignoring
the barge capacity, which means that the barge is big enough to hold all demand.
This permits us to model the problem without time-space network representation
that is typically an issue for tractability in combinatorial optimization even in the
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deterministic case and with a relatively low number of container orders. Hence, we
can make a thorough analysis of the uncertainty in container arrivals, which is the
focus of this chapter. To test the validity of the results, we made an additional run
where capacity is imposed on the barge, and show that the main observations still
hold.
Next we discuss the overall solution approach and the mathematical model of the
weekly problem.

4.4.

Solution Approach

As discussed in Section 4.3, the barge operator is obligated to make rotation plans
and communicate with the terminals at discrete times. While making rotation plans,
the operator needs to determine a planning horizon. In one extreme, setting a long
horizon (e.g. one year) and solving the problem at once would reflect the long
term performance of the system. But this is not realistic due to the arrival of orders
through time. Orders are received typically within 10 days to the expected arrival
of the container; which means, with a one year horizon, the operator would have
very little information at the time of decision making. In the other extreme, the
horizon could be set to the minimum time requested by the terminals. This will
lead to a more informed decision since a higher portion of orders will be known,
but poses other problems: a shorter planning horizon causes myopic decisions in
long run, barge plan is a prerequisite for pre/end haulage planning, and terminals
prefer receiving call requests in a timely manner.
As a result we design a solution approach, which consists of determining rotation
plans for a fixed planning horizon, and iterating for a long period of time to see
the steady state behaviour (See Figure 4.3). For convenience, by default we assume
the planning horizon to be one week, and we iterate over a one-year horizon. Note
that in the computational experiment, we test the results with different planning
horizons.
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Figure 4.3: The representation of the steps of the overall solution procedure

Overall, the solution approach consists of a total run of 52 iterations (weeks). At
each iteration, there are two main phases: first, determining the weekly plan based
on the orders that are known (already received) and their expected arrival times;
and second, simulating the week based on the plan and simulated (actual) order
arrivals. More precisely, at the start of each week w, the weekly barge planning
problem is solved taking into account the container orders, Iw . These container
orders are: the ones that are expected to arrive during week w, the ones that already
arrived at week w − 1 but were postponed, and the ones that were expected to arrive
at week w − 1 but have not arrived yet due to delays. Based on Iw , a two-stage
stochastic MIP is solved to determine the weekly rotation plan, i.e. which terminals
to call at which days, in order to minimize total expected costs for the week (See
Section 4.4.1 for details). After the MIP is solved and the weekly rotation plan is set,
a simulation is run to observe actual realizations. In the simulation, new transport
orders are received (which could be expected to arrive at week w or later), actual
arrivals of all orders for week w are generated, and the containers that are barged,
the ones that are trucked and the ones that are postponed are determined. The
actual costs are recorded and a new iteration starts for week w + 1 (See Section 4.4.2
for details).
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Next, the details of the weekly planning phase are provided. Afterwards, we will
explain the details of simulation phase.

4.4.1 Mathematical model for the weekly problem
The weekly planning problem itself is a combinatorial optimization problem under
uncertainty. The objective function is the minimization of weekly expected cost,
which includes barge (fuel) costs, trucking costs and penalties for postponing
containers. Note that the penalty term is not an actual cost, we define it artificially
to overcome the problem of leaving all containers postponed, which empirically
led to excessive trucking costs. In the mathematical model, the first stage decision
variables (Xkt ) determine if terminal k will be called on day t ∈ Tw , where Tw is the
set of days at week w. The second stage variables determine whether an order i will
be handled by a truck (Yiω ) or postponed (Piω ) when ω days of delay occurs for a
given order i (i.e. delay scenarios).
The probability of scenarios are represented by piω , and calculated as follows:
Assume tstart
represents the first day of the planning horizon of week w, f i (ω ) represents
w
the probability mass function of delay scenario ω for container i; ai and âi represent the
expected and the actual arrival day of container i respectively.


f i (ω )





1




ω
f i (ω )
pi =


f i (ω )
∑


start − a

ω
=
t

w
i





0

, ai ≥ tstart
w
start
, ai < tstart
w , âi < tw , ω = âi − ai
start
start − a
, ai < tstart
i
w , âi ≥ tw , ω ≥ tw

, otherwise

In the formula, there are three different cases characterizing the calculation of piω :
ω
(i) The container is expected to arrive during week w (i.e. ai ≥ tstart
w ), so pi are

characterized entirely by the probability mass function since we have no other
information. (ii) The container was expected to arrive previous week w − 1 (i.e.
start
ai < tstart
w ) and indeed it has arrived (i.e. âi < tw ). (iii) The container was expected
start
to arrive previous week w − 1 (i.e. ai < tstart
w ) but has not arrived ( âi ≥ tw ). So a
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delay of tstart
− ai days has already been observed.
w
Consider an example, where we are planning the days {7, 8, ...13} (i.e. tstart
= 7). Further
w
assume that the probability mass function for the delays are as follows:



0.4,




 0.3,
f i (ω ) =


0.2,




 0.1,

ω=0
ω=1
ω=2
ω=3

Case (i) ai = 8. Since we have no additional information, the delay scenarios are
identical to the assumed probability mass function. The container will arrive
at days 8,9,10 or 11 with probabilities 0.4, 0.3, 0.2 and 0.1 respectively.
Case (ii) ai = 5. The container was expected to arrive previous week and it has indeed
arrived at time 6 (âi = 6), so the delay is 1.

piω =


 1,

ω=1

 0,

otherwise

Case (iii) ai = 5. The container was expected to arrive previous week but it has not arrived
until day 7.



0,




 0,
piω =

 0.67,




 0.33,

ω=0
ω=1
ω=2
ω=3

As a result, the problem is dynamic due to new orders arriving after the decision
moment, and due to the information at hand from previous week. The notation
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and the mathematical formulation are provided below.
Notation
Sets
W

:

Set of weeks for the whole year, w ∈ {1, ..., 52}

N

:

Set of nodes, {0} for inland terminal, other terminals in the port

Tw

:

tstart
w

:

tend
w

:

Iw

:

IwI,P

:

IwI,T

:

IwE,P

:

IwE,T

:

Ω

:

∈ {1, 2, ..., | N − 1|}
Set of upcoming days to plan for a given week w, {(w − 1) T +
1, ..., wT }
The first day in a given week w, tstart
= ( w − 1) T + 1
w
end
The last day in a given week w, tw = wT
Set of all orders already received at the start of week w. Iw = IwI,P ∪
IwI,T ∪ IwE,P ∪ IwE,T
Set of import orders that can be postponed to next week, i.e. bi >
tend
w .
Set of import orders that cannot be postponed to next week, i.e.
bi ≤ tend
w .
Set of export orders that can be postponed to next week, i.e. bi >
tend
w .
Set of export orders that cannot be postponed to next week, i.e.
bi ≤ tend
w
The set of possible delay scenarios for a container arrival (in days)
w.r.t to the expected arrival day, ω ∈ {0, 1, 2, ..., |Ω| − 1}

Decision Variables
Xkt

:

Yiω

:

Piω

:

Decision variable representing barge calls, 1 if a call is made at
node k at time t, k ∈ N, t ∈ Tw
Decision variable representing trucking, 1 if trucking is used for
container i given a delay of ω, i ∈ IwI,T ∪ IwE,T , ω ∈ Ω
Decision variable representing postponed orders, 1 if order i is left
for the next week, given a delay of ω, i ∈ IwI,P ∪ IwE,P , ω ∈ Ω.
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Parameters
T

:

Planning horizon

piω

:

Probability that a container arrival i is delayed by ω days, ω ∈

ai

:

bi

:

oi

:

di

:

CB

:

CT

:

CP

:

σk

:

∆

:

{0, 1, 2, ..., |Ω| − 1}. If the scheduled arrival of a container was
previous week, piω represents the conditional probability based on
the information that it has arrived or delayed already.
The expected arrival day of order i
The due date of order i
The origin node of order i, oi ∈ N
The destination node of order i, di ∈ N
The marginal cost of a call at a terminal
The cost of trucking per container
The penalty for postponing a container
Weight of a node, which can be interpreted as congestion in the
port: With an increased value of σk , the number of calls that can be
made within 24 hours decreases, 0 < σk < 1 for k > 0, σk = 1 for
k = 0, k ∈ N
1 if the barge made a call in inland terminal just before the planning
horizon starts (i.e. at time tstart
− 1). Used to link barge’s last
w
position in previous week with first position in current week w.
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Minimize C B

∑ ∑

t∈ Tw k ∈ N

Xkt + C T

∑

i ∈{ IwI,T ∪ IwE,T }

∑

∀ω ∈Ω

piω Yiω + C P

∑

i ∈{ IwI,P ∪ IwE,P }

∑

∀ω ∈Ω

piω Piω

Subject to:

bi − 1

∑

Xot i + Yiω ≥ 1

, ∀i ∈ IwI,T , ∀ω ∈ Ω

(4.1)

Xdt i + Yiω ≥ 1

, ∀i ∈ IwE,T , ∀ω ∈ Ω

(4.2)

Xot i + Piω ≥ 1

, ∀i ∈ IwI,P , ∀ω ∈ Ω

(4.3)

Xdt i + Piω ≥ 1

, ∀i ∈ IwE,P , ∀ω ∈ Ω

(4.4)

σk Xkt ≤ 1

, ∀t ∈ Tw

(4.5)

X0t + X0t−1 = 1

, ∀t ∈ Tw , t > tstart
w

(4.6)

t=max {tstart
w ,ai + ω }
bi

∑

t=max {tstart
w ,ai + ω +1}
tend
w

∑

t=max {tstart
w ,ai + ω }
tend
w

∑

t=max {tstart
w ,ai + ω +1}

∑

k∈ N

tstart
w

X0

= 1−∆

(4.7)

Xkt ∈ {0, 1}
0≤
0≤

Yiω
Piω

, ∀k ∈ N, ∀t ∈ Tw

≤1

, ∀i ∈

≤1

, ∀i ∈

{ IwI,T
{ IwI,P

∪
∪

IwE,T }, ∀ω
IwE,P }, ∀ω

(4.8)

∈Ω

(4.9)

∈Ω

(4.10)

The objective function minimizes the expected sum of barge costs, trucking costs
and penalty costs.

The barge costs represent the marginal cost of making an

additional call at a container terminal in a given port visit, and only depend on
the decision of the operator. Trucking costs are direct costs of hiring an external
truck operator, while penalty costs are introduced to avoid myopic solutions. Both

4.4 Solution Approach

85

trucking costs and penalty costs depend on the delay scenario. Note that the
number of trips between the inland terminal and the port is fixed due to alternating
schedule of the barge, and thus associated sailing costs (i.e. the cost of long hauls
between the port and the inland terminal) are excluded. The optimization is subject
to the following constraints.
(4.1) Each import container i with a due date within the planning horizon (i.e.
bi ≤ tend
w ), must be picked up by a barge from node oi earliest when the container is
ready (i.e. at ai + ω) and latest one day before the due date (the sailing time from
the port to the inland terminal takes 1 day), or it must be trucked. Note that pick
up by barge can be only be done at a time t within planning horizon (i.e. t ∈ Tw ).
(4.2) Each export container i with a due date within the planning horizon (i.e. bi ≤
tend
w ), must be delivered to node di by barge earliest one day after it arrives at the
inland terminal (i.e. at ai + ω + 1 because the sailing time from the inland terminal
to the port takes 1 day) and latest at the due date bi , or it must be trucked. Note
that delivery by barge can be only be done at a time t within the planning horizon
(i.e. t ∈ Tw ).
(4.3) Each import container i with a due date beyond the planning horizon (i.e.
bi > tend
w ), must be picked up from node oi earliest when the container is ready (i.e.
at ai + ω) and latest at time tend
w , or it must be postponed (Trucking is unnecessary
since there is a chance of pick up by barge next week). Note that pick up by barge
can be only be done at a time t within the planning horizon (i.e. t ∈ Tw )
(4.4) Each export container i with a due date beyond the planning horizon (i.e.
bi > tend
w ), must be delivered to node di by barge earliest one day after it arrives
at the inland terminal (i.e. at ai + ω + 1) and latest at time tend
w , or it must be
postponed (Trucking is unnecessary since there is a chance of delivery by barge
next week). Note that delivery by barge can be only be done at a time t within the
planning horizon (i.e. t ∈ Tw ).
(4.5) The total duration in the port cannot be exceeded.
(4.6) The barge has to alternate between port and inland terminal in consecutive
days.
(4.7) Linking of the barge call in the first day of the planning horizon with the last
day of the previous week.
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(4.8) Binary variables for barge calls.
(4.9)-(4.10) Continuous variables for trucking and postponing a container to next
week. By nature these variables are binary, but for computational efficiency they
are introduced as continuous variables between 0 and 1.
The number of decision variables in the mixed integer problem is | N | T + | Iw ||Ω|.
The number of constraints, on the other hand, is | Iw ||Ω| + 2T.
Our model differs from the classical 2-stage stochastic MIP programs, where Sample
Average Approximation (SAA) is employed on a sample of generated scenarios.
In such models, due to the interaction between stochastic variables, each scenario
involves one realization for each random variable. In our approach, because we
have verified that capacity can be safely ignored for the purposes of our study,
whether a container i is picked-up or barged has no effect on another container
j; container j will be picked up by barge as long as there is a barge call within
the feasible pick-up windows. This allows us to isolate random variable (i.e. arrival
delay) of a container i from that of container j, and treat the associated second-stage
decisions individually. This also means that we can optimally solve the two-stage
stochastic programming formulation, i.e. we do not introduce a sampling bias
because there is no sampling.

4.4.2 Simulation of weekly activities
When the MIP is solved for Iw , the rotation plan of the barge is finalized. However,
it is possible that new orders may arrive throughout the week that were unknown,
represented by Îw . Based on the rotation plan, the actual realizations take place for
all orders, Iw ∪ Îw . There are four main steps of the simulation:
1. Arrival of new transport orders: In addition to Iw (i.e. the set of already received
orders at the start of each week), new orders ( Îw ) are received after the plan is
made (For the computational study, the dates on which the orders are received
by the barge operator are taken from the real dataset).
2. Actual arrival of containers: For the set of all orders Iw ∪ Îw (already received
and new), actual container arrivals are generated based on the probability
mass function of the container arrival process.
3. Handling of containers: In this step, the actual handling of the containers are
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determined for all orders (already received and new) based on the planned
barge calls and the actual arrivals. In other words, we determine whether the
containers will be transported by barge, truck, or postponed. For an import
container i, if starting from the day the container actually arrived (âi ) until the
due date (bi − 1), there is at least one call at the terminal at which the container
has arrived, then the container is transported by barge (i.e. if Constraint 4.1
in the model is satisfied considering the actual arrival instead of the expected
arrival). Else, if there is no barge call during the feasible time windows and
the due date of the order is within week w, the order has to be trucked. Else,
if there is no barge call but the due date of the order is in week w + 1 or later,
the order is postponed and will be re-planned in the next week (See Figure
4.4).

The handling of containers are determined in the exact same way in the MIP.
Given the barge plan and delay w, if the container is trucked (Yiω = 1) or
postponed (Piω = 1), in simulation stage the same occurs. The reason we
execute this step but not use the 2nd stage decision variables is the new orders.
New orders were not known before planning and thus could not be included
in MIP. Therefore, we need to determine the handling of new orders as we
explained above. Also note that since there is no capacity restriction, there is
no need to solve another MIP. If we can pick up a container by barge, there is
no reason not to do so. In Chapter 5, we solve the capacitated case and solve
a new MIP.

4. Finally, actual costs are computed based on barge call costs and trucking (Note
that the penalty costs of postponing containers are excluded here, as they are
artificial means to avoid myopic solutions, not real costs). Barge call costs
depend entirely on the weekly rotation plan and equals to C B (unit cost per
call) multiplied with the number of calls made. Trucking costs are equal to C T
(unit trucking costs) multiplied by the number of containers trucked (which
may be an already received order or new order). Iw+1 is updated based on Iw ,
Îw , and actual container handlings. So Iw+1 consists of the orders in Iw ∪ Îw
that are not trucked or barged.
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Figure 4.4: An illustration of possible handlings for an example order. (a) Container
picked up by barge as planned, (b) Due to a delay of container arrival, the container
has to be trucked since the due date is within the current week, (c) Due to a delay of
container arrival, the container is postponed to next week since the due date is in next
week

4.5.

Computational Experiment and Results

In this part we discuss the computational experiment that shows the effect of
uncertainty and dynamism on transportation costs and modal split. First in Section
4.5.1 we discuss the setup of the computational experiment, which consists of
solving the instances that are characterized by the problem parameters. Next in
Section 4.5.2, we discuss the results of the experiment and the insights gained.
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4.5.1 Setup
The computational experiment is carried out on an order set that is formed by
the real data of an inland terminal located in the Netherlands from 2016. Raw data
taken from the company are cleaned and filtered as described in Appendix 4.A. The
total number of orders is 45 335. The number of total weekly orders ranges between
284 and 1150, with an average of 872 and standard deviation of 163. Among these
45 335 orders, the booking dates of the orders of the inland terminal are compared
with the first day of the planned weeks (tstart
w ), and 27 180 were known before the
time of decision making at the start of the week, which accounts for 60%. In other
words, at each iteration just before solving the weekly problem, 60% of the orders
that are expected to arrive were already known and thus could be included in
planning. The bookings of the remaining 40% arrived during the week after the
barge plan is already determined and thus could not be considered while planning.
Naturally, simulation is executed for all the containers that were expected to arrive,
either already received or new. This shows the extent of limited information in the
dynamic environment.
There are 20 terminals in total, including the inland terminal. Trucking cost,
C T , is assumed to be 250 Euros per container, determined in consultation with
the practitioners (Note that throughout the rest of the chapter, all cost terms are
in Euros). Each instance uses the same order set and is characterized by four
parameters that are of interest: uncertainty in container arrivals, penalty cost C P , the
weight of terminals σk and barge cost C B . A full factorial experiment is carried out
based on these four parameters. Each instance is simulated for a one-year period.
Further details on these parameters are as follows:
1. There are 4 uncertainty levels in container arrivals represented by 4 discrete
probability mass functions, where pω is the probability that the container
is delayed by ω number of days.

To the best of our knowledge, there

are no published data on the uncertainty of container arrivals.

These

probability distributions are determined based on the historical reliability of
shipping lines in recent years (See SeaIntel, 2018). Further specification of the
probabilities are determined by consulting the practitioners and based on our
judgment.
During simulation, actual delays are generated randomly and same delays are
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used in a given uncertainty scenario for a fair comparison among instances.
Table 4.2: Probability mass function for each uncertainty level

Scenario
Deterministic
Low uncertainty
Average uncertainty
High uncertainty

p0
1
0.9
0.60
0.3334

p1
0
0.08
0.30
0.3333

p2
0
0.02
0.10
0.3333

Mean
0
0.12
0.5
0.9999

Variance
0
0.1456
0.45
0.6667

2. There are 3 levels of penalty cost values, C P for the overall run: 75, 100, 125.
This range is determined based on the initial test runs, where a wider range

[0, 250] with increments of 25 was used. In these test runs, above the penalty
value 25, the differences in total cost were minor, and the best costs seemed to
be observed in the range [75, 125]. Therefore, for brevity, we report the range
75, 100, 125 in this chapter. However, one important observation was that there
is a sharp decrease from the penalty value of 0 to 25. To have a detailed look,
we made an additional run where the set of penalty values is {0, 1, 2, ..25} and
barge cost is 200. We discuss the findings in detail in Section 4.5.2 subsection
III.
3. There are 5 levels of maximum number of calls per visit, limited to the
set {3, 4, 5, 6, 7} based on current practice. We set σk values identical for
the container terminals (i.e. k 6= 0) to the reciprocals of these numbers.
Differentiating between the terminals requires a thorough study based on the
historical data, and is beyond the scope of this chapter.
4. There are 3 different levels for barge cost decided in consultation with
practitioners, C B ∈ {50, 200, 350}. When we consulted the practitioners about
the fuel cost of an additional call in the port, the original number given
was 200 with a margin of 50 euros. We extended this number to 50 at
minimum and 350 at maximum for the sensitivity analysis. Quantifying the
marginal cost of a barge call and assigning a fixed cost is not straightforward
and unrealistic due to varying distances between the terminals. Therefore,
multiple values are tested to see the effect of barge cost for sensitivity analysis.
In the end, the full factorial experiment consists of running the overall procedure for
each of the 180 instances characterized by these four parameters. The observations
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in the overall run later necessitated two additional runs for specific reasons: First
to test the impact of penalty values in detail, and second to test the impact of the
length of planning horizon, T, which turned out to give valuable insights on the
concept of dynamism and the limited information while decision making. These
additional runs are discussed in Section 4.5.2 in detail.
The solution algorithm is coded in C and the stochastic MIP was solved by invoking
Gurobi 8.1 from C. The runs are executed on an Intel

®

Core™ i7 - 6700HQ with

2.60GHz processor and 8 GB of RAM. The data cleaning and preparation of order
set was made in R following the procedure in Appendix 4.A. The order set and
the generated random numbers for delays are then written to a text file and loaded
to C for each run. The execution times of the instances are summarized in Table
4.3. Although each instance involved solving the stochastic MIP for 52 times with
522 new orders per each week on average (Note that these are the orders already
known and accounts for around 60% of the 872 weekly average), we did not observe
dimensionality problems. This is mainly due to the simplified modeling of the
problem without time space network and capacity considerations. We did not
observe significant differences in execution times among different levels of the four
parameters.
Table 4.3: Summary of execution time of each instance in seconds

Average
44.55

Minimum
31.44

Maximum
66.11

4.5.2 Results
In this section, we will discuss the impact of uncertainty in container arrivals, the
impact of the maximum number of calls in a port visit, the impact of penalty values
used to avoid myopic solutions, the impact of dynamism and the impact of barge
costs on total costs and modal split. The method assumes uncapacitated case as
described earlier, but in this section we also validate the findings in the capacitated
case.
Our focus here is on total costs obtained using the simulation model for the whole
year represented in Figure 4.3. This simulation model uses the stochastic program
developed in Section 4.4.1 to solve a weekly planning problem. Appendix 4.B
provides further details on the stochastic program in isolation (without the bigger

92

Chapter 4. Dynamic Barge Planning With Stochastic Container Arrivals

simulation context) such as the value of stochastic solution (VSS) and expected
value of perfect information (EVPI).

I.

Impact of uncertain container delays

The computational results show that uncertain container delays have a significant
impact in total costs and the modal split (i.e. number of containers trucked) as
observed in practice. We observe that the costs and trucking increase in parallel
with the increase in the uncertainty of container arrivals. Depending on the instance
and scenario, the increase in costs go as high as 53% while the trucking increases
by 55%.
The impact of adding uncertain delays compared to the deterministic case is
illustrated in Table 4.4. For each instance, the percentage change compared to the
deterministic case is calculated in pairwise manner and summarized in Table 4.4.
Table 4.4: Impact of uncertainty in container arrivals on total cost and number of
containers trucked for the overall run (Maximum number of calls per visit ∈ [3, 7],
C P ∈ {75, 100, 125}, C B ∈ {50, 200, 350})
% Change in Total
cost wrt Deterministic case

uncertainty level
Deterministic
Low
Average
High

Min
0
3.4
14.0
27.8

Max
0
6.1
27.0
53.7

Average
0
5.1
20.3
40.4

%
Change
in
number
of
containers trucked
wrt
Deterministic
case
Min
Max
Average
0
0
0
3.6
7.0
5.4
14.5
27.7
21.7
29.4
55.2
43.3

Average
Cost

Average
%
Trucking

3 371 849
3 538 172
4 039 082
4 690 857

28.0
29.4
33.9
39.6

The modal split in Table 4.5 is of interest as it depicts the ratio of trucking needed
even if all containers are meant to be carried by barges. We observe that the
uncertainty has a big impact on modal split; on average, overall, 32.7% of total
containers had to be trucked to comply with time requirements even if barge
transport is much cheaper. When the uncertainty in container arrival is the highest
and the maximum number of calls that can be made in one visit is the smallest (i.e.
equal to 3), 47.9% of the containers have to be trucked. It should be noted that in
the dataset we used, for 6.2% of the containers, the expected arrival date is the same
day as the due date (i.e. ai = bi ), which means it is impossible to use a barge for
these containers even if there is no delay in container arrival since the trip from/to
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the port takes 1 day violating the due date requirement.

Table 4.5: Summary of percentage of containers trucked for different uncertainty levels
in container arrival in overall run (Maximum number of calls per visit ∈ [3, 7], C P ∈
{75, 100, 125}, C B ∈ {50, 200, 350})

Uncertainty Level
Deterministic
Low
Average
High

II.

Minimum
21.72
23.05
27.53
33.71

Maximum
37.00
38.47
42.90
47.92

Average
27.96
29.43
33.86
39.61

Impact of maximum number of calls made at a port visit

One important determinant on modal split turns out to be the number of terminals
that can be visited. The impact of the number of calls per visit can be seen in Table
4.6. The table shows that increasing the maximum number of calls per visit has a
significant impact, which underlines the negative effect of waiting times in the port.
The maximum number of calls per visit is directly linked with the barge congestion,
which is currently one of the biggest problems in practice in the Port of Rotterdam
(Gumuskaya et al., 2020b; van der Horst and de Langen, 2008). Due to the barge
congestion and increased waiting times, barge operators can make less calls per
visit, the effect of which we see here. On average, we observe that one additional
call decreases the trucking by 6.09% to 1.89% in magnitude.

Table 4.6: Percentage of containers trucked for different values of maximum number
of calls per visit in overall run (Four uncertainty levels, C P ∈ {75, 100, 125}, C B ∈
{50, 200, 350})
Maximum number of
calls per visit

3
4
5
6
7

Minimum

Maximum

Average

36.84
30.43
26.38
23.69
21.72

47.91
42.29
38.37
35.93
34.35

41.43
35.34
31.34
28.68
26.79

Difference
in
average
trucking
with
an additional call
6.09
4
2.66
1.89
-
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Impact of penalty values for postponing

The penalty for postponing a container has a dampened effect with increasing
values. When the penalty is increased within the range close to 0, it has a sharp
decreasing effect in total cost by avoiding myopic behaviour. However, this effect
becomes marginal with increased values and then stabilizes. To have a more
detailed look, an additional run is made for C P taking integer values from 0 to
25, and C B = 200 as can be seen in Figure 4.5.

Figure 4.5: The impact of default penalty on total costs for C B =200 depicted for different
values of maximum number of calls per port visit

IV.

Impact of dynamism and limited information of orders

The impact of dynamism and decision making with limited information is recognized by academia (Pillac et al., 2013; van Riessen et al., 2016). In this study,
by default we take the dynamism into account in our solution approach. To test
the extent of the impact of dynamism quantitatively, we made additional runs for
this purpose where we kept C B = 200 and C P = 125. In this additional run, we
do two things: First, we make a distinction of two cases, limited information and
complete information cases. In the original setup, the barge operator is only aware
of the order set Iw , while during the simulation stage all orders Iw ∪ Îw (i.e. already
received and new) incur costs. This corresponds to the limited information. In the
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complete information case, we assume that all the orders (Iw ∪ Îw ) are known by the
barge operator, and thus can be included in MIP while barge planning. Note that
in both cases, the actual arrivals are subject to uncertainty based on the scenario.
Table 4.7 shows that the additional information has a significant impact on costs
and modal split depending on the uncertainty. It is the highest (22.65% on trucking)
when the uncertainty is the lowest (i.e. deterministic case), and the lowest (9.22% on
trucking) when the uncertainty is the highest. This emphasizes how the quality of
information is important: when the uncertainty in container arrival is the highest,
the quality of information is lowest (because it is subject to uncertainty) and the
impact that additional information is at hand while decision making, is lower.
Table 4.7: Impact of limited information on total costs and on trucking for the instance:
Maximum number of calls per visit ∈ [3, 7], C P = 125, C B = 200 for four uncertainty
levels
Scenario

Deterministic
Low uncertainty
Average uncertainty
High uncertainty

Total cost
Complete
Information
2 796 000
2 996 800
3 584 720
4 300 570

Limited
information
3 373 110
3 526 280
4 033 800
4 679 500

%Change

20.64
17.67
12.53
8.81

% of containers trucked
Limited
Complete
informaInformation
tion
22.78
27.94
24.56
29.30
29.77
33.81
36.16
39.49

%Change

22.65
19.30
13.55
9.22

Second, we used 14 different planning horizons (T ∈ {1, 2, .., 14}) for 20 instances
(C B = 200, C P = 125, four uncertainty levels and max number of port visits ∈

{3, 4, ..7})) to test the impact of planning horizon.
In all of these runs, we observe that the total costs generally show a convex
behaviour with respect to planning horizon.

The total cost first decreases up

to a certain point, and then increases with planning horizon.

The planning

horizon yielding the minimum total costs vary due to randomness but seem to
be concentrated in [3, 5]. The results show that the minimum cost occurs when
T = 3 (13 out of 20 instances), T = 4 (4 out of 20 instances) and T = 5 (3 out of 20
instances).
Interestingly, planning horizon does not have a monotonic effect on total costs
(See Figure 4.6). We believe that this is due to the trade-off between amount of
information available and far-sightedness: By having a shorter planning horizon,
the fraction of orders known prior to the decision making moment increases. For
example, when T = 7, the percentage of orders known is approximately 60%,
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while it is 90% when T = 2 (The rest are the new orders that may incur costs
but not known before the decision making moment). This leads to more informed
decisions as a higher percentage of orders are known beforehand. On the other
hand, by having a shorter horizon there is a risk of having myopic solutions. When
the planning horizon is shorter, a higher number of orders are possible to postpone.
For those containers, the due dates become irrelevant, as their due dates are beyond
the planning horizon. In other words, whether a container has one day or one week
of excess time until the due date does not make a difference. This leads to focusing
on minimizing the costs of only for a few days ahead, and undermines the capability
of finding optimal plans in the long run.

Figure 4.6: The impact of planning horizons and complete information for C B =200, C P =
125, max number of calls at a port visit =5 depicted for four uncertainty levels

V.

Impact of barge cost

Barge cost, C B , is mainly kept as a parameter for sensitivity analysis. From Table 4.8
we can see that the impact of barge cost on modal split is marginal, while the total
costs increase with C B as expected. Therefore, we can conclude that the specified
value of C B does not have much effect on the characteristics of the solution, i.e. the
decisions made.
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Table 4.8: Impact of barge cost C B on total costs and percentage of trucking in overall
run (Maximum number of calls per visit ∈ [3, 7], C P ∈ {75, 100, 125}, four uncertainty
levels)

Total cost
CB
50
200
350

VI.

Min
2 528 550
2 762 550
2 994 100

Max
5 447 150
5 556 400
5 665 100

Average
3 742 713
3 908 679
4 078 578

% of
trucked
Min
21.72
21.98
22.31

containers
Max
47.91
47.91
47.91

Average
32.64
32.69
32.82

Impact of barge capacity

In this section, we check if the major findings of the uncapacitated case hold for
the capacitated case by making additional runs. To involve capacity, Step 3 of the
simulation stage is modified as follows:
• Handling of containers in the capacitated version: Firstly, all of the orders (i.e.
already received before the planning stage and new orders after planning) are
ordered based on their due dates in an ascending order to prioritize the orders
with urgency. Starting from the most urgent order to the least, the handling
of a container is determined following the same logic in the uncapacitated
case, and in addition barge capacity is imposed. In other words, for each
container i, we check if there is a feasible barge call within the feasible pickup windows. If there are such possibilities, the container is picked up at
the earliest opportunity provided that there is space in the barge. If not, the
order is postponed or trucked as usual. This allocation scheme also fits to the
current practice.
With this modification an additional run is made to see the impact of different barge
capacities on total cost with respect to the main findings. Similar to the previous
runs, barge cost C B is 200, penalty cost C P is 125 and T = 7. The results are depicted
in Figure 4.7. From the figure, we observe that in all cases the curve flattens above
100, and that above this capacity, the impact of barge capacity is very limited. Since
a capacity of 100 containers is reasonable, this observation supports the approach
taken in this study of ignoring capacity for the purposes of investigating the impact
of uncertainty and dynamism.
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These results are in line with expectations: Barge capacity is much cheaper then
trucking of containers (which is needed in case of capacity shortage), hence barge
operators ought to choose barge capacities such that shortages are comparatively
rare. As a consequence, ignoring the barge capacity in our study of the impact of
uncertainty makes sense. In line with this, at the inland terminal that inspired this
study monthly barge utilization peaks at around 70%. When checking the results
with this in mind, we found that instances with peak monthly utilization between
65 and 75% occurred with barge capacities of 125 and 150. At these levels, the
impact of capacity shortage on the insights derived in this study are negligible, as
observed in Figure 4.7. When capacities are above 100, and especially when they
are above 150, the uncertainty of container arrivals has a very substantial impact.
For barge capacities below 50, the impact of uncertain delays all but disappears.
This makes sense, because even if arrivals are uncertain, a capacity of 50 containers
can be filled completely most of the time, regardless of uncertain delays. But a
setting with a vast shortage of capacity does not make business economic sense, as
barge capacity is substantially cheaper than trucking: A barge operator faced with
frequent capacity shortages will choose to operate a bigger barge in practice.

4.5 Computational Experiment and Results

99

Figure 4.7: The impact of barge capacity on total costs for C B = 200, C P = 125, T = 7
depicted for different values of maximum number of calls per port visit

VII.

Discussion of results

The uncertainty in container arrivals and the maximum number of calls per
visit have a strong impact on total cost and modal split. Although the figures
for modal split we calculate deviate from the actual modal split in the Port of
Rotterdam, our problem context is different than reality. Here, we assume that
all containers are aimed to be transported by barge. In reality barge connection
may not be available or shippers may prefer trucking or railway transport over
barges. The adverse effects of limited information compared to the hypothetical
case of complete information are illustrated, emphasizing the significant impact
of dynamism. Moreover, it is shown that there is a trade-off between amount of
information prior to decision making and farsightedness among different values of
planning horizons, and that 3 to 5 days yield the best results. We also show that
the penalty for postponing a container, C P has a positive effect in costs and modal
split by avoiding myopic solutions. This effect diminishes with increasing values of
C P away from 0. Finally, the solutions seem to be robust with respect to C B . Most
of these observations can also be summarized altogether in Figure 4.8, where the
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percentage of containers trucked (y-axis) is plotted against maximum number of
calls per port visit (x-axis) in different plots for each barge cost (C B ). Penalty costs
(C P ) are represented by different shapes (circle, triangle, square) and uncertainty in
container arrivals by colors. Our experiments also show that the main findings of
this study continue to hold in the capacitated case, as long as capacities are in line
with those seen in practice.

Figure 4.8: Percentage of trucking vs maximum number of calls per visit for the different
barge cost values depicted in different plots.

4.6.

Conclusion and Further Research

In this chapter, we described a solution approach for planning barge trips between
an inland terminal and multiple container terminals located in a seaport in order
to quantify the effect of uncertainty in container arrivals on planning. To the
best of our knowledge this has not been studied explicitly before. The solution
procedure also takes into account the dynamism inherent in container transport,
by incorporating the impact of receiving new bookings after the barge plan is
made. The solution is applied on a real dataset of an inland terminal located in
the Netherlands. From a methodological point of view, our study involves solving
a two stage stochastic MIP, which makes it one of the few examples in hinterland
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transport literature. Moreover, a penalty for postponing containers is introduced.
The results show that the uncertain delays in container arrivals and the dynamism
that leads to limited information while making decisions have a big impact on
performance in terms of costs and modal split. This has certain implications:
it draws attention to the impact of delays and uncertainty associated with deep
sea vessel arrivals, which can be reduced, for example by better predictions
or information exchange between the deep sea vessels and the barge operator.
The significance of information sharing between the operator and the shipper is
also emphasized: we showed that the limited availability of information during
making decisions has a significant impact on performance.

There is a big

improvement potential without high investments; for instance, if the shipper shares
the information of their prospective transport orders (i.e. complete information
case), the number of containers trucked is decreased by up to 22%. We see that
the fraction of information prior to decision making in practice is quite low (60%
for a one week planning horizon). We also observe that the impact of having
more information decreases when the quality of information is worse. In other
words, when the uncertainty is higher, the actual time of container arrival is more
stochastic, which helps less while decision making. However, here it is important to
note that even if there are virtually no costs to the shipper to share their information,
nowadays data is seen as an asset by the companies. Therefore, incentives may
be necessary to convince the shippers to share their data. Another observation
is that the maximum number of calls per visit has a significant impact, relating
to the barge congestion problems. We show that one additional call leads to an
improvement in trucking by 6.09% to 1.89% in magnitude. This partly explains
why the barge operators often change their rotation plans: to reduce waiting times
and increase the number of calls they make. Using smaller but a higher number
of barges could alleviate this problem, as it would be possible to visit a higher
number of terminals in a given time period. For this, however, the increased fixed
costs of having more barges must be justified. We also illustrate the trade-off in
determining the planning horizon; a shorter horizon provides more information on
the transport orders, while making the plans more myopic. More than half of the
time, the best results are observed by planning ahead 3 days, while for the rest 4
or 5 days is optimal. This has a certain insight on the current practices: Container
terminals oblige barge operators to send their call requests at least 2-3 days ahead,
which seems to be in line with what is necessary on the barge operator side.
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This study is intended to quantify the impact of uncertainty and dynamism rather
than creating operational plans for real life.

Future research could focus on

this purpose and incorporate constraints such as empty container repositioning,
demurrage and detention costs and pre/end haul planning. By including these
constraints, the impact of uncertainty and dynamism can be calculated more
accurately, but it is unlikely that this will qualitatively alter the insights generated
in this chapter. Another research direction is to extend the model to allow the
employment of larger fleets to offset the impact of uncertainty and dynamism. This
analysis can provide insights on the trade-offs in determining fleet size. For a given
total capacity, more barges may increase flexibility in planning as more calls can be
made, but in the expense of increased fixed costs. Finally, it is possible to employ a
rolling horizon approach by planning one week ahead with a freezing period of 2-3
days. This may lead to less myopic decisions and better performance.
In Chapter 3, we hypothesized that information could be used better to improve
decision making under uncertainty. In the next chapter, we pursue this goal. We
propose using machine learning to predict container delays in order to improve
decision making.

4.A Data cleaning steps

4.A.
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Data cleaning steps

Table 4.9: The data cleaning and filtering steps executed to create the order dataset from
the raw data of the inland terminal of the year 2016

Step
Load raw data
Filter out bookings not in 2016
Filter out bookings with no origin and destination terminal
Assign Booking type to EXPORT or IMPORT, based on the
full/empty condition of container in the main haul trip and type
of modality
Filter out is.na(Booking type)
Filter out the terminals in the right tail of 95% (Remaining
number of terminals=20 )
Replace Terminal names with Terminal numbers based on
Booking type
Assign Arrival times and Due times based on the Booking type
and realizations
Filter out is.na(Arrival time) or is.na(Due time)
Filter out unrealistic gaps between Due time and Arrival time
(i.e. 0<=gap<=15)
Filter out Arrival time not in 2016.
Merge week 201653 with 201701
Create random number in 0-99 for each order

4.B.

# Rows
left
52,488
51,507
51,014

50,810
48,158

48,149
45,384
45,335

The stochastic program

In this appendix, we investigate key measures relating to the ability of the stochastic
programming approach to solve the weekly planning problem of Section 4.4.1.
Two measures to check in stochastic programs are VSS (Value of Stochastic Solution)
and EVPI (Expected Value of Perfect Information). VSS refers to the difference
between solving the stochastic problem (i.e. MIP in Section 4.4.1) and the mean
value problem (i.e. solve a deterministic problem in which the random variables
are set to their means). EVPI on the other hand refers to the difference between the
stochastic problem and the case of perfect information (i.e. the random variables are
subject to uncertainty, but the value of them are known with certainty). Calculating
both VSS and EVPI are meaningful for comparing two solutions with the same
problem parameters. However, in our case this is not readily applicable: A single
change in week 0 cause a random chain-reaction effect for the following weeks. For
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this reason, we made an additional run, in which the weeks are solved in isolation.
That is to say, for each week w and the same given set of orders, we solve the original
stochastic problem, the mean value problem and the perfect information problem.
We made this run for a subset of the parameters: C P = 125, C B = 200, maximum
number of calls ∈ {3, .., 7}, uncertainty scenario high. For each instance, we used 30
random realizations for each instance. We focus on the objective function presented
in Section 4.4.1, i.e. we use the proxy costs for delaying the container until next
week. The average deviations in percentages are given in Table 4.10. Also note
that the original objective function value is reported, which includes the penalty for
postponing containers.
Table 4.10: Summary of percentage deviations for VSS and EVPI for C P = 125, C B = 200,
maximum number of calls ∈ 3, .., 7, uncertainty scenario:high, 30 random realizations

VSS
EVPI

Minimum
-2.07%
0%

Maximum
14.70%
4.90%

Average
2.51%
0.55%

Looking at Table 4.10, we observe that solving the stochastic problem is useful in
general, with a maximum of 14.7% and 2.51% on average. Note that in 4.5% of
the instances, VSS takes negative values, which means that the stochastic solution
performs worse than the expected value solution. Considering that it happens with
a low probability, this is not unexpected due to random effect. In some weeks, the
actual delays turn out to fit the expected value solution better by chance, and thus
leads to lower costs. Perfect information on arrival delays, on the other hand, have a
marginal improvement, which suggests that the dominating factor is the reduction
of the pick-up windows due to the delays, and knowing the delays have a limited
advantage.

5
Integrating Stochastic Programs And
Decision Trees In Capacitated Barge
Planning With Uncertain Container
Arrivals

In this chapter, we propose an approach to use information better in order
to improve decision making under uncertainty, as argued in Chapter 3.

As

the uncertain factor, we use container delays, which was studied extensively in
Chapter 4. In Chapter 4, our main purpose was to analyze the impact of uncertainty.
Here, we propose an approach to improve decision making under uncertainty. We
combine optimization techniques with machine learning to improve capacitated
barge planning with uncertain container arrivals. The main idea is to use the
predictions of a decision tree in the scenario generation of a 2-stage stochastic
program to plan the barge calls of a barge operator. The predictions of container
arrivals help to generate more accurate scenarios, which in turn leads to more
informed decisions and less costs. The approach is tested with an iterative method
of periodic planning and simulation for a one year duration so that the long term
performance is evaluated. A computational experiment is conducted using the
historical data of an inland terminal and the Port of Rotterdam. The results show
that the proposed approach improves total costs up to 2.1% over the traditional
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stochastic approach, and up to 4.6% over the current method used in industry.

5.1.

Introduction

Barge transport is potentially a cheaper and more environmentally friendly
alternative to road transport due to economies of scale facilitated by high capacity
vehicles. Barges are an effective mode in hinterland transport networks because of
the high volumes of export and import flows between a deep sea port and inland
terminals. Indeed, 38% of the container flow between the Port of Rotterdam and
the hinterland is transported by barges1 . The vision of the Port of Rotterdam is
to increase the share of barge transport even more, up to 45% by 2030. Dealing
with uncertainty is an important challenge in achieving this vision. Uncertain
events such as container arrival delays lead to operational problems and additional
costs, which in turn hinder the competitive power of barge transport against road
transport (Gumuskaya et al., 2020b).
Planning under uncertainty in freight transport has typically been addressed by
combinatorial optimization techniques such as stochastic programming, Markov
decision processes (MDP) and robust optimization. To further alleviate the negative
effects of uncertainty, data can be used to support the decision making process. By
providing more accurate information, such as better forecasts, more informed and
consequently better decisions can be made. Recently, due to the success of Machine
Learning (ML) methods in other fields, combining combinatorial optimization with
ML has received attention from academia. These efforts are often aimed towards
making the existing algorithms faster. Examples of such efforts include improving
the branch and bound technique using decision trees (Lodi and Zarpellon, 2017)
and using mixed integer optimization for classification (Bertsimas et al., 2011).
Another common approach is to solve combinatorial problems that can not be
solved in polynomial time by machine learning. For example, the Travelling
Salesman Problem (TSP) has been solved by neural networks and reinforcement
learning (Vinyals et al., 2015; Bello et al., 2016). Likewise, van Riessen et al. (2016)
use decision trees to solve the container allocation problem.
In this chapter, we propose an approach that integrates machine learning with
optimization. In contrast to the work we mentioned previously, our approach
1 https://www.portofrotterdam.com/en/doing-business/logistics/connections/intermodaltransportation/inland-shipping/optimising-inland

5.1 Introduction

107

focuses on using machine learning to improve the solution quality (i.e. the objective
function of an optimization problem), instead of improving the solution time. More
specifically, we propose using the predictions of a decision tree to improve the
scenario generation process of a 2-stage stochastic program, solved by Sample
Average Approximation (SAA). The decision tree is trained on historical data, which
captures the patterns regarding the uncertainty. The predictions on the uncertain
factors help to generate more accurate scenarios and improve decision making.
Decision trees are typically used to make class predictions, i.e. point forecasts
for the uncertain variables. Using directly the class predictions results in a form
of deterministic approach. Instead, we use the probabilistic predictions that are
implicitly available from the training of the decision tree to generate scenarios.
As such we employ a stochastic perspective, and distinguish between predictions
made with high confidence from those made with less confidence. Regarding the
uncertain variables, the former yields more homogeneous scenarios favoring the
predicted class, while the latter yields more heterogeneous scenarios. This enables
hedging the risk of incorrect predictions, and avoids ‘putting all eggs in one basket’.
The approach is applied to capacitated barge planning between an inland terminal
and multiple container terminals in a deep sea port, with a context similar to that of
Gumuskaya et al. (2020c). The containers have an expected arrival date but delays
(in days) may occur due to deep sea vessel arrivals or preparation of cargo, which is
the uncertain factor. First, a decision tree is trained on historical data consisting of
container specific information and observed delays. The decision tree predicts the
probabilities of arrival delays, which are then used in the periodic barge planning.
Each period consists of multiple days, and the barge plan is made using a 2-stage
stochastic program, of which the scenario generation process is executed using the
probabilistic predictions. The barge planning decisions are then evaluated with a
simulation in order to determine the actual costs. In simulation, actual delays are
randomly sampled from historical data disjunct from the training set of the decision
tree. The planning–simulation procedure is repeated iteratively to represent one
year of operations in order to check the long term performance.
The proposed approach is compared with four benchmark methods: 1) Planning
with stochastic program using estimated average of delays without predictions
(i.e. traditional stochastic method), 2) Planning deterministically using the class
predictions instead of the probabilistic predictions, 3) Planning deterministically
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assuming a fixed delay of 1 day, which is the typical business practice, 4) Planning
with perfect information on delays. We show that the proposed approach yields up
to 2.1% improvement on total costs compared to the traditional stochastic approach,
up to 2.1% compared to using class predictions, and up to 4.6% compared to
the business practice. As expected, the proposed approach performs worse than
planning with perfect information by an average of 1.1% and a maximum of 1.7%.
We note that the proposed approach achieves 74% of the potential cost reduction
from the business practice to the perfect information case.
Our contribution is methodological: we propose using the probabilistic predictions
of a decision tree in the scenario generation process of a 2-stage stochastic program.
We separately demonstrate the benefits of using the predictions of a decision tree,
and the benefits of using probabilistic predictions instead of class predictions. We
apply the proposed method to capacitated barge planning problem with uncertain
container delays, which, to our knowledge, has not been studied in literature. We
also have practical contributions since we test the approach with a numerical study
based on real data. We show how the proposed approach outperforms the industrial
practice, and that it is possible to decrease trucking significantly.
Against this background, the chapter is organized as follows: In Section 5.2, we
review the relevant literature. In Section 5.3, the details of the problem context
are provided in terms of the periodic activities, network structure and order
requirements. In Section 5.4, the proposed approach and the methodology to test
the approach is explained. More specifically, the details on training the decision
tree, the mathematical formulation of the 2-stage stochastic program, the role
of predictions in scenario generation and the iterative process of planning and
simulation are provided. In Section 5.5, the details of computational experiment
and the findings are discussed, and in Section 5.6 the chapter is concluded.

5.2.

Literature Review

Our work demonstrates how a specific integration of machine learning and
stochastic optimization can improve decision making in barge planning. We first
review the most contextually relevant studies to our capacitated barge planning
problem.

Thereafter, we discuss studies that combine machine learning and

optimization, focusing on relevant problem domains.
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Our problem context is similar to Chapter 4 except that this chapter includes barge
capacities.

Ignoring capacities enabled us in Chapter 4 to adopt a relatively

simpler 2-stage stochastic MIP that can be solved fast. This allows for an increased
number of instances and a detailed sensitivity analysis of the problem parameters.
Zweers et al. (2020) study operational transport planning of containers in the
hinterland of the Port of Rotterdam. Their context is similar to ours contextually
and methodologically. Contextually, their network consists of an inland terminal
and multiple terminals in a deep sea port. Methodologically, they also employ
stochastic programming and Sample Average Approximation (SAA). There are
significant differences though. Firstly, Zweers et al. (2020) consider a single period
while we study a multi period problem with time dimension. Secondly, they
consider uncertain number of containers that can be loaded/unloaded at a given
call. We consider no such restriction, but container arrival times are individually
uncertain. Rivera and Mes (2017) study making the rotation plans between a single
inland terminal and the port with a multi horizon approach and dynamic orders
received through time.

They use MDP formulation and employ Approximate

Dynamic Programming (ADP) to solve the problem, while we use an iterative 2stage stochastic program in combination with a simulation. Fazi and Roodbergen
(2018) also assume a network with one inland terminal and multiple terminals
located in the port in a deterministic environment. They plan the round trips of
multiple barges with fixed capacity, and formulate the problem as a bin packing
problem. Their main purpose is to analyze the impact of different demurrage and
detention policies on barge planning (i.e. the cost of keeping containers longer than
the allowed duration within or outside the port).
We next review the papers that integrate machine learning with optimization
in related domains. Bhattacharya et al. (2014) illustrate a conceptually similar
example of combining optimization with machine learning to this study. Their
methodology consists of two stages: first, they predict the traffic flow in the
road network using support vector mechanisms.

Second, they optimize the

schedules of railway services with a mixed integer program taking the predictions
of road traffic into account. Irannezhad et al. (2020) model the hinterland logistics
of a port as a multi agent simulation model, where the agents act based on
reinforcement learning. A central optimization algorithm provide decisions to the
agents that minimize the total network costs. The agents, i.e. transport operators,
may decide to sign up to join the central decisions or they may schedule their
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activities individually in a probabilistic behaviour.

Van Riessen et al.

(2016)

propose using decision trees to allocate the containers to multimodal services in
the hinterland of the Port of Rotterdam. They propose training decision trees on
the optimal solutions found by solving a number of problems offline previously.
The decision tree captures the specific patterns of these good solutions, and is used
online by the transport planners to allocate transport orders to hinterland services
deterministically. Hottung et al. (2020) solve container pre-marshalling problem
using deep neural networks trained on existing solutions. The neural network is
then integrated into a tree search algorithm, which results in less than 2% optimality
gap in real sized instances. Some papers use machine learning to make predictions
without integrating it with optimization. For example, Barbour et al. (2018) focus
on improving predictions of the expected time of arrivals of freight trains using
machine learning algorithms, namely support vector regression. Similar to our
study, they use specific information on trains such as train length, tonnage in
addition to the traffic data. They fit a model on a large historical dataset and
show that improvements over 20% are achieved compared to benchmark methods.
Balster et al. (2020) develop a method to predict the expected time of arrivals (ETA)
of freight in an intermodal hinterland transport system using random forests.
Our contribution in this chapter is two-fold: First, we propose a high degree
of integration between data driven methods and stochastic optimization. More
specifically, we train decision trees on historical data that predicts container delays,
and use the predictions to create more accurate scenarios while solving a 2-stage
stochastic program with SAA. Second, we model and solve the capacitated barge
planning problem with uncertain container delays, which, to our knowledge, has
not been studied in literature.

5.3.

Problem Setting

In this section, we provide the details of the problem context and the activities
of the barge operator in a given period. This problem is based on an inland
terminal that operates barges with a similar context to that of Chapter 4.

In

contrast to Chapter 4, in this chapter we explicitly consider the barge capacities
in the planning stage in order to make the problem setting more realistic and the
solution approach applicable. Furthermore, in this chapter we ignore dynamism
in order receiving so that we focus on the performance of the different methods
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by isolating the randomness due to dynamism (So in this chapter, we know all the
orders beforehand). While we formulate the problem in this domain, the proposed
approach can be applied in other domains, where 2-stage stochastic programs are
used and the uncertain variables can be predicted effectively (by decision trees).
We assume a network N, consisting of terminals k ∈ N as nodes, and a single barge
with capacity Q making trips between a single inland terminal (k = 0) and terminals
located in the port (k ∈ {1, 2, .., | N | − 1}) (See Figure 5.1). One round trip takes two
days, and a port visit is immediately followed by an inland terminal visit in the
consecutive day or vice versa. Thus, a container will be delivered to its destination
1 day after its actual pick up date from its origin. For example, one round trip is
as follows: The first day, the barge arrives at the port and spends 24 hours for the
calls. The second day it sails to the inland terminal, loads/unloads the containers
and sails back to the port, which in total makes another 24 hours and the pattern
repeats itself. The time spent in the port is higher than the time spent at the inland
terminal due to the sailing and waiting time between the terminal calls in the port.
At the inland terminal only a single call is made and the quay is dedicated to the
barge; so there is no waiting time. The maximum number of calls in a port visit is
limited due to factors such as sailing time within the port, waiting times between
the calls, disturbances in call handlings or disruptions (Douma et al., 2009; Zweers
et al., 2020; Gumuskaya et al., 2020c). We associate a coefficient (0 < σk ≤ 1) for each
terminal k to represent the fraction of a day to be reserved for a call (e.g. σk = 0.2
implies that the maximum number of calls is 5). During a port visit, waiting times,
travel times and mooring times, which depend on the number of calls, dominate
the actual load/unload times that depend on the number of individual containers.
Therefore, the main limiting factor is the number of calls, while the number of
containers to be loaded/unloaded at each call is typically ignored by planners.
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Figure 5.1: An example representation of the network with 1 inland terminal and 5
terminals in the port (Gumuskaya et al., 2020c)

The barge operator decides which terminals (k) to make calls at which days (t ∈ Ψ p )
in a given period p (i.e. makes the barge plan), represented by the decision variable
Xkt . In the course of events, terminals oblige the barge operator to finalize the barge
plan a few days in advance. We assume this decision making moment to be discrete
at the start of each period, which is a common assumption in literature (van Riessen
et al., 2016; Lium et al., 2009; Fazi et al., 2015). After the rotation plan is made, the
barge calls can not be changed or cancelled based on the container delays (even if
there is no container to be loaded). Each call incurs a cost of C B that represents the
fuel cost of the additional travel from one terminal to another. Note that typically
the loading/unloading of the containers is charged to the customer by the container
terminals, and thus not included as a cost item for the barge operator.
At the start of each period p, the barge operator has a list of transport orders (I p ).
These orders can be either import orders (i.e. from the port to the inland terminal) or
export orders (i.e. from the inland terminal to the port). Each order i has an expected
arrival date ai at its origin node oi ∈ N, and needs to be delivered to its destination
node di ∈ N with a strict due date bi . As discussed in Section 5.1, due to the delays
in deep sea vessel arrivals or preparation of cargo, the arrival dates of containers
(ai ) are subject to uncertain delays. Due dates, on the other hand, are strict. In the
cases where the due dates are not met, the container has to be trucked immediately,
and each truck incurs a cost of C T . Trucking a container may be intentional due
to the barge operator’s plan or it may be caused by a delay in container’s arrival.
If a container i has a due date beyond the planning horizon, there is no need for
trucking immediately as it may be postponed to the next period in the hope that
it will be picked up by barge then. Chapter 4 shows that when containers are
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freely postponed, an excess number of containers are left for next period, many of
which need to be trucked eventually. We illustrated that introducing an artificial
penalty cost per container avoids myopic solutions. Therefore, in this chapter, we
also include a penalty cost of C P per container.
Next we discuss the overall methodology, the details of predicting delays by the
decision tree, 2-stage stochastic program that is used for planning, and simulation
used to determine actual events and evaluate costs.

5.4.

Methodology

The main idea in this chapter is to use the predictions of a decision tree in the
scenario generation process of a stochastic program. These predictions help to
generate more accurate scenarios, which in turn leads to a more informed decision
and less cost.
The solution approach is modular in the sense that instead of using decision tree,
any ML algorithm could be used as long as it can make probabilistic predictions.
We selected decision trees in this case for two reasons. First, it is a well-studied
and proven technique. For example, Dogan and Tanrikulu (2013) show that CART
(Classification and Regression Trees) is the most robust among many machine
learning methods.

Likewise, Zhang et al. (2017) show that Stochastic Gradient

Boosting Trees had the best accuracy among a selection of algorithms. The second
reason is that our dataset includes both numerical and categorical data, which can
be both handled well by decision trees. However, depending on the specific problem
and prediction requirements, other ML methods can also be used, such as neural
networks or Bayesian models.
Apart from the decision tree that predicts container delays and the 2-stage stochastic
program for planning barge calls, simulation is used. There are a few reasons
why the objective function value of the stochastic program is not sufficient and a
simulation stage is needed: first, for the purposes of this chapter we need to check
the long term performance. Obviously, a planning horizon of for example one
year is not possible because the transport orders are not known such in advance.
On the other hand, a multi stage stochastic program of this size would lead to
tractability issues. Therefore a one-year run is made consisting of iterations with
shorter planning horizons (i.e. 4 days). The continuum of events between the
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iterations are preserved by the simulation stage.

For example, the containers

that are postponed to the next period are determined by simulation, and those
containers will be carried to next period. Second, the objective function of the
stochastic program involves the artificial costs of postponing containers, meant to
avoid postponing too many containers. These artificial costs do not exist in real
life and the chosen value has a significant effect on the objective function. The real
costs calculated in simulation, i.e. barge and truck costs, are a better indicator of
performance. Third, the decision tree is meant to capture the delay patterns in real
life and provide useful information to create more accurate scenarios. By using
random samples from historical data, we aim to mimic real life with simulation
and test if the decision tree would indeed capture such patterns.

5.4.1 Outline
Our solution approach mainly involves iteration of periodic activities (planning and
simulating barge and truck trips) for a total duration of one year in order to observe
the long term performance of the system (See Figure 5.2). Prior to iterations, a
decision tree (DT) is trained that predicts the probability of container delays based
on container information (See Section 5.4.2 for details). This is done only once
at the start of a run, and the same DT is used for predictions in the rest of the
run. Afterwards, iterations take place, each having two main stages: First, planning
of barge calls; and second, simulation of actual container arrivals and container
handlings.
At the start of each iteration p, there is a set of transport orders I p , which include:
those that are expected to arrive during period p (i.e. ai ∈ Ψ p ) and the ones that
were expected to arrive in previous periods (i.e. ai < ψstart , where ψstart is the
first day in Ψ p ) but postponed. The containers that were postponed may have
already arrived at period ( p − 1) (but not delivered to their destination), or they
may be delayed and still expected to arrive some day in period p. For each container
i ∈ I p , the probability of delays is predicted using the DT. Note that rather than the
class predictions (e.g. i will be delayed for 1 day), the probabilistic predictions are
used (e.g. i will be delayed for 0 days with 5% probability, and for 1 day with
95%). This is an important aspect of the proposed approach: This way, reliable and
unreliable predictions are implicitly distinguished and overreliance on inaccurate
predictions is avoided in scenario generation. For example, assume that a container
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Figure 5.2: The representation of the steps of the overall solution procedure (Modified
from Gumuskaya et al., 2020c)

A is predicted to be delayed for 0 days with 5% and 1 day with 95%. Also assume
another container B with class predictions (45%, 55%). Assuming that container B
will be delayed by 1 day would lead to an inaccuracy of 45%, while for container A
this is only 5%. Instead of using the single class prediction (i.e. 1 day for container
A and 1 day for container B) deterministically, we use the probabilistic predictions
to generate scenarios in order to hedge against such inaccuracies.
The barge plan is made taking into account the order set, I p , and the probabilities of
delays. These probabilities are used as the input for the scenario generation of a 2stage stochastic MIP, which is solved to determine the barge plan (See Section 5.4.3
for details). The barge plan only dictates which terminals will be visited at which
day; the allocation of containers to individual barge trips depend on the actual
container delays. After the plan is made, actual events and costs are simulated for
period p. During the simulation, actual delays from historical data are randomly
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used. Based on the barge plan and the actual delays, the allocation of containers
to the barge capacities is made using a modified version of the 2-stage stochastic
MIP (See Section 5.4.5). This model is actually meant to find what would be the
second stage variables in the 2-stage stochastic program, given the barge plan and
the actual arrivals. At this step, the actual handling of containers is determined (i.e.
whether a container will be barged/postponed/trucked) and the actual costs are
incurred. As a result of handling decisions, I p+1 is formed, which consists of new
orders with expected arrival dates in period p + 1 and the postponed orders from
period p. The determination of the barge calls are the first stage variables, and the
allocation of containers to the available capacities and determination of container
handlings are the second stage variables of the stochastic program.
In the next sections, we will explain the details of training the decision tree, the
mathematical formulation of the 2-stage stochastic MIP and the simulation.

5.4.2 Prediction of delays using a decision tree
In this section, we give details on the construction of the decision tree that predicts
the container delays. The decision tree uses the number of days a container is delayed as
the predicted class, referred to as “ACTUAL DELAY” for convenience. This design
choice is straightforward because the time in both the stochastic program and the
simulation is in days. In the computational experiment of this study, there are four
classes that represent the delay: 0,1,2 and 3 days.
The features that are used to make the predictions are “TERMINAL NAME”,
“REEFER INDICATOR” and “DEEP SEA VESSEL CALL SIZE”, as summarized
in Table 5.1.

“TERMINAL NAME” is considered to be important since each

container terminal has different operating strategies and service levels. “REEFER
INDICATOR” refers to whether a container is refrigerated or not. It may be
important because reefer containers are typically more expensive to store, and
contain perishable items that need fast deliveries. Finally, “DEEP SEA VESSEL
CALL SIZE” refers to the total number of containers that will be unloaded from
a deep sea vessel. It may be important because the expected time to unload a
container increases with the total number of containers the deep sea vessel needs to
unload. When there are more containers, it takes more time to unload all containers
since the container terminal has a limited capacity.
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Table 5.1: The list of features used for training and testing of the decision tree and
explanations

VARIABLE
ACTUAL
DELAY

TYPE
Categorical

TERMINAL

Categorical

REEFER

Binary

DEEP SEA VESSEL CALL SIZE

Integer

EXPLANATION
The delay (in days) with respect
to the reported expected arrival
time.
The name of the terminal, to
which the deep sea vessel drops
the container.
Represents if the container is a
refrigerated container (e.g. for
food requiring cold chain).
The total number of containers
that are unloaded during the
same deep sea vessel call.

The training set for the decision tree is separated from the dataset that is used for the
computational experiments, in which the performance of the planning algorithm is
evaluated (see Section 5.5.1). This is done because the planning algorithm uses
predictions that are made by the decision tree. Using the same data for training the
decision tree and for computational experiment would lead to an unfair advantage.
For this reason, the training set excludes the containers used in the computational
experiments. As a result, approximately 46% of the historical data is used in
training set, consisting of around 23 000 rows.
The decision tree is constructed using the “caret” package2 of R, which uses
the “rpart” library3 . The splitting criterion used for training the decision tree is
“Information Gain”. Among the candidate splits leading to new nodes i, the one
offering the maximal reduction in impurity (so lowest impurity) is selected, which
is calculated as follows:

impurity =

∑ − pi log2 ( pi )
i

, where i is the index of leaf nodes and pi is the probability of occurrence of i.
2 https://cran.r-project.org/web/packages/caret/caret.pdf
3 https://cran.r-project.org/web/packages/rpart/rpart.pdf
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The pruning of the tree is done while the tree is constructed via a complexity
parameter α, which checks if the added complexity (i.e. more splits) is justified
by the improved misclassification error. If the improvement in error (referred to as
cost) is higher than α, the splitting continues. Otherwise, the tree growth stops. So,
a higher α makes it harder to add new splits and results in smaller trees. As a result,
the determination of α becomes critical. This is done by trying a set of α values and
reporting the accuracy with 10-fold cross validation, repeated three times. The α
value that yields the best accuracy is selected. The details of the algorithm are
excluded from this thesis for brevity, and can be found in the documentation4 .
The decision tree in this configuration led to an overall accuracy of around 66%.
Considering that there are four classes to be predicted (0,1,2,3), this is a satisfactory
performance for the purposes of this study.

5.4.3 Mathematical model of the stochastic program
The planning problem is to determine the calls of a capacitated barge for a given
order set under uncertain delays for the specified planning horizon. The objective
function is the minimization of expected cost of barge costs, trucking costs and
penalty of postponing. In the mathematical model, the first stage decision variables
(Xkt ) determine if terminal k will be visited at day t ∈ Ψ p , where Ψ p is the set of days
to be planned for period p. The second stage decision variables represent container
handlings for a given scenario ω: whether a container i will be picked up by barge
ω ), whether it will be trucked (Y ω ), or postponed (Z ω ). Here a scenario
at day t (Bi,t
i
i

ω represents a random realization of delay for each container (i.e. a given scenario
consists of | I p | realizations in total). We use Sample Average Approximation (SAA)
that uses the probabilistic predictions of the decision tree to solve the model. So
we create a number of scenarios, each of which involves one realization for each
random variable. Then, we optimize the mathematical model considering all of the
generated scenarios. Scenario generation and the role of predictions are explained
in Section 5.4.4.

4 https://cran.r-project.org/web/packages/rpart/vignettes/longintro.pdf
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Notation
Sets
N

:

Ψp

:

ψstart

:

ψend

:

Ip

:

I pI,P

:

I pI,T

:

I pE,P

:

I pE,T

:

Ω

:

Set of nodes, {0} for inland terminal, other terminals in the port

∈ {1, 2, ..., | N − 1|}
Set of upcoming days to plan
The first day in Ψ p
The last day in Ψ p
Set of all orders for period p. I p = I pI,P ∪ I pI,T ∪ I pE,P ∪ I pE,T
Set of import orders that can be postponed to next period, i.e. bi >
ψend + 1.
Set of import orders that cannot be postponed to next period, i.e.
bi ≤ ψend + 1.
Set of export orders that can be postponed to next period, i.e. bi >
ψend + 1.
Set of export orders that cannot be postponed to next period, i.e.
bi ≤ ψend + 1
The set of generated scenarios, ω ∈ {0, 1, 2, ..., |Ω| − 1}

Decision Variables
Xkt

:

ω
Bi,t

:

Decision variable representing barge calls, 1 if a call is made at
node k at time t, k ∈ N, t ∈ Ψ p
Decision variable representing the pick up time of a container by
barge, 1 if container i is picked up at time t in scenario ω, i ∈ I p ,
ω ∈ Ω, t ∈ Ψ p

Yiω

:

Ziω

:

Decision variable representing trucking. 1 if container i is trucked
in scenario ω, i ∈ { I pI,T ∪ I pE,T }, ω ∈ Ω
Decision variable representing postponed orders. 1 if container i is
postponed to next period in scenario ω, i ∈ { I pI,P ∪ I pE,P }, ω ∈ Ω
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Parameters
τiω

:

The number of days a container i is delayed in scenario ω , ω ∈ Ω

ai

:

The expected arrival date of order i, i ∈ I p

bi

:

The due date of order i, i ∈ I p

oi

:

The origin node of order i, oi ∈ N, i ∈ I p

di

:

The destination node of order i, di ∈ N, i ∈ I p

CB

:

The marginal cost of a call at a terminal

CT

:

The cost of trucking per container

CP

:

The penalty for postponing a container

Q

:

The capacity of the barge

σk

:

Weight of a node, which can be interpreted as congestion in the
port, used to limit the number of calls that can be made within 24
hours, 0 < σk < 1 for k > 0, σk = 1 for k = 0, k ∈ N

∆

:

1 if the barge made a call in inland terminal just before the planning
horizon starts (i.e. at time ψstart − 1). Used to link barge’s last
position in previous period p − 1 with first position in current
period p
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∑ ∑

Xkt +

∀t∈Ψ p ∀k∈ N

CT
|Ω|

∑

∀i ∈{ I pI,T ∪ I pE,T }

∑

∀ω ∈Ω

Yiω +

CP
|Ω|

∑

∀i ∈{ I pI,P ∪ I pE,P }

∑

∀ω ∈Ω

Ziω

Subject to:

min{bi −1,ψend }

∑ω

ω
Bi,t
+ Yiω = 1

∀i ∈ { I pI,T ∪ I pE,T }, ∀ω ∈ Ω

(5.1)

ω
Bi,t
+ Ziω = 1

∀i ∈ { I pI,P ∪ I pE,P }, ∀ω ∈ Ω

(5.2)

ω
Bi,t
≤ Xot i

∀i ∈ { I pI,T ∪ I pI,P }, t ∈ Ψ p , ∀ω ∈ Ω

(5.3)

ω
Bi,t
≤ Xdt+1

∀i ∈ { I pE,T ∪ I pE,P }, t < ψend , ∀ω ∈ Ω

(5.4)

ω
Bi,ψ
=0
end

∀i ∈ { I pE,T ∪ I pE,P }, ∀ω ∈ Ω

(5.5)

ω
Bi,t
≤Q

∀t ∈ Ψ p , ∀ω ∈ Ω

(5.6)

σk Xkt ≤ 1

∀t ∈ Ψ p

(5.7)

∀t ∈ Ψ p , t > ψstart

(5.8)

t=max { ai +τi ,ψstart }
min{bi −1,ψend }

∑ω

t=max { ai +τi ,ψstart }

i

∑

∀i ∈ I p

∑

∀k∈ N
X0t + X0t−1 = 1
ψ
X0 start = 1 − ∆
ω
Xkt , Bi,t
∈ {0, 1}
0 ≤ Yiω ≤ 1
0 ≤ Ziω ≤ 1

(5.9)

∀k ∈ N, ∀t ∈ Ψ p , ∀i ∈ I p , ω ∈ Ω

(5.10)

∀ω ∈ Ω

(5.11)

∀ω ∈ Ω

(5.12)

The objective function minimizes the expected sum of barge costs, trucking costs
and penalty costs over all scenarios. The barge costs represent the marginal cost
of making an additional call at a container terminal in a given port visit, and only
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depend on the decision of the operator. So it is not affected by the scenarios and
do not need the index ω. Trucking costs are direct costs of hiring an external
truck operator, while penalty costs are introduced for postponed containers to
avoid myopic solutions. Both trucking costs and penalty costs depend on the delay
scenario. Therefore, associated variables Yiω and Ziω are defined for each container
and scenario. These are then multiplied by the unit costs (C T and C P ) and the
probability that a given scenario occurs, 1/|Ω|, to find the expected costs. Note
that the number of trips between the inland terminal and the port is fixed due to
the alternating schedule of the barge, and thus associated sailing costs (i.e. the
cost of long hauls between the port and the inland terminal) are excluded. The
optimization is subject to the following constraints.
(5.1) Each container i that is not allowed to be postponed (i.e. bi ≤ ψend + 1) must
be picked up by a barge earliest when the container is ready (i.e. at τiω days after
its expected arrival ai ) or trucked for a given scenario ω. The barge pick up has to
be within the given period and latest one day before the due date (sailing from the
inland terminal to the port takes 1 day). Note that the containers with a due date
of ψend + 1 also cannot be postponed; even if the container is picked up at the first
day of the new period, it will take 1 day to sail and the container will be delivered
in the second day, which violates the due date.
(5.2) Similar logic with constraint set (5.1) applies. Each container i that is allowed
to be postponed (i.e. bi > ψend + 1) must be picked up by a barge earliest when the
container is ready (i.e. at τiω days after its expected arrival ai ) or postponed to next
period for a given scenario ω. The barge pick up has to be within the given period
and latest one day before the due date (sailing from the port to the inland terminal
takes 1 day).
(5.3) Logical constraints to make sure that if an import container i is picked up by a
barge at time t, there has to be a barge call at time t at the origin terminal oi .
(5.4) Logical constraints to make sure that if an export container i is picked up by
a barge at time t (to be delivered at time t + 1 to node di ), there has to be a barge
call at time t + 1 at the destination terminal di . Note that when an export container
is picked up at the last day of the planning horizon (at day ψend ), we do not know
if the barge will make a call in the destination terminal at the first day of the next
period (at day ψend + 1), so we do not allow pick up. This is enforced by constraint
set (5.5).
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(5.6) The total number of containers picked up at a given time cannot exceed the
barge capacity. Those containers will sail either from the port to the inland terminal
or vice versa in the following day.
(5.7) The total duration in the port cannot be exceeded. σk values can be interpreted
as the congestion in the port. With an increased value of σk , the number of calls
that can be made within 24 hours decreases.
(5.8) The barge has to alternate between the port and the inland terminal in
consecutive days.
(5.9) Linking of the barge call in the first day of the planning horizon with the last
day of the previous period.
(5.10) Binary variables for barge calls and barge pick ups.
(5.11)-(5.12) Continuous variables for trucking and postponing a container to next
period. By nature these variables are binary, but for computational efficiency they
are introduced as continuous variables between 0 and 1. Even if they are continuous
variables, due to the structure of constraints and the objective function they will
either take the value of 0 or 1.
The number of decision variables in the stochastic program is | N ||Ψ p | + | I p ||Ψ p ||Ω| +

| I p ||Ω|. The number of constraints, on the other hand, equals | I p ||Ω| + | I p ||Ψ p ||Ω| +
|Ψ p ||Ω| + 2|Ψ p |.

5.4.4

Scenario Generation with Predictions

In this section, we explain why SAA is used for solving the stochastic program,
provide details on scenario generation process and the role of decision trees in it.
The number of decision variables in the stochastic model increases with the number
of scenarios, which causes longer computational times. For example, assuming
that there are d possible delays for a given container (i.e. 0, 1, 2, ..., (d − 1) days
of delay) and | I p | number of orders, the number of possible scenarios would be
d| I p | , which grows exponentially with the number of orders and leads to intractable
computational times. To overcome this issue, SAA is frequently used in stochastic
programs in literature (Shapiro et al., 2014). In a nutshell, instead of solving the
problem with the full set of scenarios, a much smaller number of scenarios is
generated and the resulting model is solved.
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In this study, we also employ SAA and generate scenarios by “external sampling”
using Monte Carlo technique (See Mak et al., 1999). The scenario generation uses
the predictions of the decision tree as follows: For a given period, a single scenario
includes | I p | generated delays in total (i.e. one delay generated per order). Similar
to Gumuskaya et al. (2020c), we assume the delays are random variables following
a discrete probability mass function (pmf). The decision tree is used at this stage
to determine pmf of individual delays in order to generate random realizations for
constructing scenarios. For each order, the decision tree provides the probability
that the container will be delayed by d days, and these probabilities are used to
generate random realizations for each order. A scenario is completed when one
random realization is generated for each order. A sample output of the scenario
generation is illustrated in Table 5.2, where there are 3 containers, the number of
scenarios is 10 and the delays are allowed to take values from the set [0, 3] days. In
the table, we see that the first two containers (i.e. “C1” and “C2”) have the same
features and thus follow the same pmf, which happens to generate long delays.
On the other hand, the delays of the last container (i.e. “C3”) is generated from a
completely different pmf, which generates shorter delays.
Table 5.2: An illustration of the output of the scenario generation process using the
decision tree
Container
ID

Terminal
Name

Reefer

Deep Sea Vessel Call Size

C1
C2
C3

Terminal 1
Terminal 1
Terminal 2

Yes
Yes
No

2500
2500
350

Delays (in days) for different scenarios
1
2
3
1

2
3
2
0

3
2
3
0

4
2
2
1

5
1
2
1

6
3
2
0

7
2
2
0

8
2
3
1

9
2
2
0

10
3
3
0

Note that while generating a random realization for a given container and its given
pmf, some of the delay scenarios may not be feasible. For example, a container that
was expected to arrive in the previous period may already be delayed for a few
days. Another example could be that the container has already arrived, so there is
no reason to expect new delay. In such cases, conditional probabilities are used to
generate scenarios as in Gumuskaya et al. (2020c).

5.4.5 Simulation of actual events
Up until now, the decision tree is trained on historical data and the barge plan
is made by the stochastic program. As explained at the beginning of Section 5.4,
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simulation of actual events is needed to test the long term performance, to avoid
the impact of artificial costs and to mimic real life patterns by random sampling the
delays from historical data. These events are as follows: containers arrive with or
without delays, the barge calls are made, containers are picked up during the barge
calls, certain containers are trucked and certain are postponed to next period. We
provide the details of simulation in this section.
The container delays are determined by random sampling from historical data
as explained in Section 5.5.1. Since expected arrival dates are known, the actual
arrival is simply found by adding the delay to the expected arrival. The barge call
decisions, which correspond to the first stage decision variables in the stochastic
program, are conclusively made in planning stage and can not change.

So

independent of other events, barge calls will be made according to the plan. Finally,
whether a container will be picked up by a barge or truck or postponed corresponds
to the second stage variables, and depends on the delay scenario. However, the
actual delays sampled from the historical data most likely form a new scenario
that is not one of the scenarios generated in the stochastic program. To determine
what would happen in the actual scenario, we solve the stochastic program by
fixing the first stage decision variables (i.e. Xkt ) to the values already determined
in the planning stage. Hence, the same stochastic model will be solved considering
one single scenario (i.e. the actual scenario) as provided below. Formally, the
mathematical model in Section 5.4.3 is modified as follows:

Minimize C B

∑ ∑

t∈Ψ p k∈ N

Xkt + C T ∑ Yi + C P ∑ Zi
∀i

∀i

Subject to:

Constraints (5.1), (5.2), (5.3), (5.4), (5.5), (5.6), (5.10), (5.11), (5.12)

Xkt = Xkt

∗

∀k ∈ N, ∀t ∈ Ψ p
(5.13)
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∗

where Xkt is the optimal solution vector found in the planning stage and all other
decision variables are the same as described in Section 5.4.3 without the scenario
index ω. Moreover, the container delays (τi ) are set to the actual delays. Note also
that since there is only one scenario, the expectation of trucking and postponing
costs are not necessary (i.e. 1/|Ω| is omitted).
By solving the above model, the container handling decisions (i.e. second stage
decision variables) are made and the Periodic Actual Cost is calculated. The periodic
actual cost consists of barge costs and the trucking costs, which is the sum of the
first two terms in the objective function. The penalty of postponing containers is
excluded because these are artificial costs. The postponed containers will eventually
be barged or trucked in the following periods, which will then be accounted for as
part of the corresponding periodic actual costs. Finally, the periodic actual costs
are summed for all iterations to calculate the Total Actual Cost for a complete run
of one year. By using this method of cost calculation by simulation, it is possible
to isolate the impact of using the predictions of decision tree versus the traditional
stochastic programming. As will be seen in Section 5.5, this way we can make a fair
comparison using the same actual delays for all benchmark methods compared.

5.5.

Computational Experiment and Results

In this section, we provide the details of the computational experiment that we use
to test the performance of the proposed approach. In Section 5.5.1, first we explain
how the dataset is formed, how parameters are set, and which methods are used
for benchmarking. In Section 5.5.2, we discuss the optimality gap of the stochastic
program and the reliability of the scenario generation process. In Section 5.5.3, we
compare the methods numerically and discuss our findings.

5.5.1

Setup

The computational experiment for this study necessitates a dataset consisting of
orders with the following details: order requirements for planning (i.e. origin, destination, expected arrival, due date), container specific information for predictions
(terminal name, reefer indicator, deep sea vessel call size) and actual delays for
simulation. Such a dataset could be fabricated from scratch but this would hinder
the substantiation of the study: the demand patterns (e.g. distribution of demand
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volume between origin-destination pairs) and the delay patterns would be up to
user’s choice. The decision tree would discover the patterns that are artificially
introduced by the user. Using a complete real dataset is ideal, but we are not aware
of the existence of such a complete dataset that is accessible for research. For this
reason, we merge the real data of an inland terminal (Gumuskaya et al., 2020c) and
the historical data of the Port of Rotterdam (Smulders, 2019). In a nutshell, the
orders (i.e. origin, destination, expected arrival, due date) are taken directly from
Gumuskaya et al. (2020c), which consists of 42 355 orders in total and there are
20 terminals. For each order, container specific information and actual delays are
sampled from the historical dataset used in Smulders (2019). The containers, whose
actual delays are used during this sampling are excluded from the training set of
the decision tree to avoid unfair advantage. For brevity, we provide the details of
the complete procedure in Appendix 5.A. Since the procedure involves random
sampling (e.g.

actual delays used in simulation stage), we create 10 different

datasets to check if the findings will hold under different random samples (i.e.
different datasets).
During the computational experiment, for each dataset five benchmark methods are
applied and their performances are compared:

1. DT-Stochastic: The main objective of the computational experiment is to check
how this method (i.e. using the predictions in the 2-stage stochastic MIP)
performs with respect to other methods. This is the proposed approach as
explained in Section 5.4.

2. Stochastic: This method represents the traditional stochastic approach without
using the decision tree predictions during scenario generation. It is identical
to DT-Stochastic except that in Stochastic, a fixed probability mass function
is used for all orders, instead of the specific ones predicted by the DT. The
probability mass function that is used for all the orders during generating
scenarios is set to the overall percentage of delays in the historical data as
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follows:



8.1%,




 41.1%,
P( D = d) =


35.1%,




 15.7%,

d=0
d=1
d=2
d=3

Hence, by comparing DT-Stochastic with Stochastic, which are both stochastic
approaches, we isolate the impact of using predictions in scenario generation.
3. DT-Deterministic: This method corresponds to using the class predictions
in a deterministic way, instead of using the probabilistic predictions. The
application of the method is as follows: the same mathematical model in
Section 5.4.3 is constructed considering only one scenario, where all delays
are equal to the predicted values by the decision tree.

By comparing

DT-Deterministic with DT-Stochastic we show the benefit of using stochastic
approach for the same decision tree model.
4. 1-Day Delay: This method is based on the industrial practice (Smulders, 2019).
Barge operators usually assume that the containers will be released in 1 day,
and make deterministic plans accordingly. The application of the method is
similar to DT-Deterministic: the same mathematical model in Section 5.4.3 is
constructed considering only one scenario, where all delays are equal to 1. By
comparing 1-day delay with other methods, we show how industrial methods
perform.
5. Perfect Information: This method represents the hypothetical case where all
delays are known with certainty before planning.

So, it shows the best

possible solution under a given set of actual delay scenario. It is solved similar
to DT-Deterministic and 1-Day Delay using the actual delays.
The parameters that characterize the instances are set using the findings of
Gumuskaya et al. (2020c), where an extensive sensitivity analysis is made: truck
cost (C T ) is 250. The penalty for postponing containers (C P ) is 100 since it proved
to offer the minimum costs in many instances. Barge cost (C B ) is proven to be
insignificant and set to 50 arbitrarily. The maximum number of calls was shown to
be significant in the range [3,7]. In this chapter, to reduce computational times, we
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set maximum number of calls to either 3 or 7. A given dataset is solved for each of
the five methods (DT-Stochastic, Stochastic, DT-Deterministic, 1-Day Delay and Perfect
Information). In conclusion, there are 10 datasets and 2 maximum number of call
values (i.e. 3 or 7), leading to 20 instances solved for five approaches.
The solution approach is coded in C and the 2-stage stochastic MIP and the MIP in
simulation stage were solved by invoking Gurobi 8.1 from C. The runs are executed
on an Intel

®

Core™ i7 - 6700HQ with 2.60GHz processor and 8 GB of RAM.

The training of decision trees, cleaning of data and the preparation of dataset are
executed in R 3.6.1 before the actual runs. The execution times of the instances
in C are summarized in Table 5.3 for the four methods.

Note that execution

of DT-Stochastic and Stochastic took longer than DT-Deterministic,1-Day Delay and
Perfect Information because in the former three, the model is much bigger due to the
scenarios. Also note that execution times of one instance is the sum of solving for
multiple iterations for the whole year.
Table 5.3: Average execution times of one instance (i.e. a one-year run analysis) for the
five methods in seconds.

Method
DT-Stochastic
Stochastic
DT-Deterministic
1-Day Delay
Perfect Information

Computation time in seconds
1648.3
1634.9
36.0
62.2
46.9

5.5.2 Optimality gap of the stochastic program
We test the reliability of the scenario generation process using independent random
streams method in Mak et al. (1999). Two runs are made to determine lower
and upper limits for a given period p. In the first run, 2-stage stochastic model
formulated in Section 5.4.3 is solved 25 times (nl = 25) with different random
number streams, and the mean objective function value is calculated as L̄(nl ) to be
used for lower limit calculation. In the second run, an optimal first stage solution
x̂ for a given 2-stage stochastic model is fixed. This solution is tested on a new
independent generated scenario for 1000 times (nu = 1000) to check the expected
performance in long run. The mean value of objective function values is recorded
as Ū(nu ) and used to determine upper limit. The optimality gap is formulated by
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the following formula:
h 
i
0, Ū(nu ) − L̄(nl ) + ε u + ε l
εl =

εu =

tnl −1,α sl (nl )
√
nl

tnu −1,α su (nu )
√
nu

where sl (nl ) and su (nu ) are the standard deviations of the objective functions
values, t is the student t-distribution and α is the confidence level. Recall that
this complete procedure is applied for a single stochastic program and thus, a
given period p. To check if the optimality gap does not depend on the chosen
period, we made the above test for three randomly chosen periods. For these three
periods, with the number of scenarios equal to 20 and confidence level of 95%,
the optimality gap turned out to be 0.07%, 0.12% and 0.27%, which shows that
the scenario generation process is reliable with 20 scenarios. Therefore, we use 20
scenarios for each stochastic program in the computational experiment.

5.5.3 Results
The evaluation of the methods is performed based on total actual costs and net total
actual costs. Total actual costs is the total sum of all trucking and barge costs over
all periods. However, using only total costs may be misleading because it includes
trucking costs that are inevitable irrespective of the chosen method: when the delay
of a container is so high that the due date is already violated when the container
is ready to be picked up, it is impossible to use barge. Hence, whatever barge
plan is made or whether the delay is predicted perfectly, these containers will be
trucked. Since our objective is to compare the effectiveness of various methods,
these costs are excluded from total actual costs and reported as net total actual costs.
As an example consider the following: total barge costs is 9 000, and the trucking
cost is 1 000 (So total actual costs is 10 000). Out of the trucking cost, assume 250 is
inevitable as explained previously. In this case, net total actual costs equals to 9 750.
In Figure 5.3, the pairwise comparisons in total actual costs with respect to DTStochastic are plotted. Each box plot involves the difference between the costs
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of a given method and DT-Stochastic, divided by the cost of DT-Stochastic shown
in percentage (So a positive value implies DT-Stochastic has a lower cost). Since
there are ten datasets, each box is drawn using 10 pairwise comparisons found
accordingly. The two maximum number of call values are separated in two plots
side by side. From the figure, we observe that the main idea of this chapter is
confirmed as DT-Stochastic performs significantly better than all the other methods
except Perfect Information. Perfect Information yields the best costs, which is expected.
We also observe that the business practice, i.e. 1-Day Delay, performs the worst. This
is due to the fact that it does not take into account the stochasticity at all nor does
it use predictions.

Figure 5.3: Box plots of pairwise comparison in total actual costs wrt DT-Stochastic for
different maximum number of calls per visit

Figure 5.3 gives an idea of the differences between the costs of the methods but does
not indicate the amount of the exact improvements. For this reason, in Table 5.4, the
pairwise comparisons with respect to DT-Stochastic are summarized numerically.
Overall, the proposed approach leads to an improvement in total actual costs by a
maximum of 2.07% and 1.37% on average compared to Stochastic.
When we look at the net total actual costs, the improvements are maximum 4.18%
and 2.79% on average. This shows that using the predictions with a stochastic
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approach indeed helped to decrease the costs. On the other hand, when compared
with DT-Deterministic, the proposed approach decreases the total costs by a
maximum of 2.11% and 0.83% on average. In net costs these numbers are 5.17% and
1.83% respectively, which substantiates using the probabilistic predictions instead of
class predictions. Business practice (i.e. 1-Day Delay) performs significantly worse
than DT-Stochastic by 3.09% in total actual costs and 6.65% in net total actual costs
on average. As expected, Perfect Information outperforms all of the methods and
illustrate the potential to improve. Perfect Information improves DT-Stochastic by an
average of 1.06% in total actual costs and 2.24% in net total actual costs.
Table 5.4: Summary of percent changes in costs of the methods w.r.t DT-Stochastic
method. Positive values imply an increase in costs, and thus worse performance w.r.t
DT-Stochastic.
Average
value
Method
1-Day Delay
Stochastic
DT-Deterministic
Perfect information
DT Stochastic

Total cost
%Change w.r.t DT-Stochastic

4 386 910
4 320 613
4 294 770
4 217 770
4 261 665

Max
4.57
2.07
2.11
-0.31
0

Min
0.44
0.72
0.02
-1.72
0

Average
value
Average
3.09
1.37
0.83
-1.06
0

2 343 485
2 277 188
2 251 345
2 174 345
2 218 240

Net Total Cost
%Change w.r.t DT-Stochastic
Max
11.19
4.18
5.17
-0.53
0

Min
0.74
1.21
0.03
-4.26
0

Average
6.65
2.79
1.83
-2.24
0

These numbers clearly demonstrate the benefits of using probabilistic predictions
with a stochastic perspective in hinterland transport domain, which is the main
purpose of the computational study. If we look at the room for improvement
between the worst (i.e. 1-Day Delay) and the best method (i.e. Perfect information),
we see that the proposed approach realizes roughly 74% of this margin. Therefore,
the numbers in Table 5.4 would inflate further when the improvement potential is
higher.

5.6.

Conclusion

In this chapter, we propose a solution approach that combines machine learning
with combinatorial optimization. The approach involves making predictions for
the uncertain variables of a 2-stage stochastic program using a decision tree, and
applying these predictions to create more accurate scenarios. Instead of using the
class predictions of the decision tree deterministically, the probabilistic predictions
are used during the scenario generation, which allows hedging against the risk of
inaccurate predictions. The proposed approach is tested on a capacitated barge
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planning problem with uncertain container arrivals. The methodology starts with
training a decision tree and afterwards involves an iterative method, in which each
iteration consists of a planning stage and a simulation stage. The planning stage
corresponds to determining barge plan by solving a 2-stage stochastic program
with Sample Average Approximation (SAA). Based on the solution of the stochastic
program, actual events are simulated and costs are reported.

Planning and

simulation stages are repeated for a one-year duration in order to check the
performance of the approach in the long run.
Using the historical data of an inland terminal and the Port of Rotterdam, a
computational experiment was made. The results show that the proposed approach
offers an average decrease of 1.37% in total costs and 2.79% in net total costs
over traditional stochastic programming. We also show that using probabilistic
predictions instead of class predictions, an average improvement of 0.83% in total
costs and 1.83% in net total costs can be achieved. Given the current situation in
industry, where profitability is strained, this is a worthwhile improvement.
These results have important implications for practice: first, the evaluation in
this thesis shows that explicitly considering uncertainty, even with a traditional
stochastic program, leads to significant improvements over the current method, in
which the planners assume deterministically that the containers will be ready 1 day
after their expected arrival dates. This underlines the importance of a stochastic
approach. Second, this research demonstrates a popular recent idea on freight
transport domain: that (big) data can be used by companies to improve decision
making through more accurate predictions of uncertain factors.
In principle our proposed method is applicable in many of the fields where twostage stochastic programming can be used. The applicability of the method depends
on whether the uncertain variables can be predicted with accuracy and whether
the perfect information offers significant improvement.

As long as these two

conditions are satisfied, the scenarios would be more accurate leading to significant
improvements. In this study, the improvement potential by perfect information
was roughly 4% on average, and the prediction accuracy was 66%. We believe
these numbers could be higher in different domains, which would increase the
effectiveness of the proposed approach.
A limitation of this study is the usage of relatively simple decision trees. While
we achieved effective results, other - more advanced - machine learning techniques,
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such as random forests or neural networks can also be used. Potentially, such
techniques can improve the prediction accuracy and optimization results further.
However, the main purpose of this study is not to create a state-of-the-art
classification algorithm. With the current method, the predictions were accurate
enough to show significant improvements. An additional advantage of decision
trees is that they are easy to understand and easy to implement by practitioners.
Another limitation of this work is that the data we had was limited.

A

more complete dataset, including other data sources such as the status of the
deep sea vessel, weather conditions or information on the current status of the
documentation process (e.g. customs or commercial release) could be more helpful.
Future research can also be directed towards more complex transportation networks
and stochastic demand.
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Appendix

In this appendix, we provide the details of how datasets of the inland terminal
and the Port of Rotterdam are merged in order to create the dataset used in
computational experiments. While doing so, we make a serious effort to convert
the raw data into usable datasets while being as loyal to the real data as possible.
First, we introduce the original datasets. Then, we explain the shortcomings of these
original datasets and the steps that are taken to convert them into a usable format
for the computational experiment.

5.A.1

Introduction of the original datasets

There are originally three datasets:

one from the inland terminal (OR-

DER DATASET), and two from The Port of Rotterdam (CONTAINER DATASET
and DEEP SEA VESSEL DATASET). The two datasets from the Port of Rotterdam
are merged into a new dataset named CONTAINER POOL, which is mainly used
for training decision tree and prediction of delays. ORDER DATASET consists of
order requirements and acts as an input for the 2-stage stochastic MIP during the
planning stage. The details of the datasets and data preparation steps are provided
below:
1. CONTAINER DATASET (source: Port of Rotterdam): Each row represents
the most recent status of a single import container (e.g. arriving to the port) ,
and includes container specific data such as “Terminal”, “Reefer”, “Deep sea
vessel call size”, “Visit Call Reference Number”, “Estimated Time of Arrival
(ETA)”, ”Actual Time of Arrival (ATA)”. If there are several notifications
of a container made by the deep sea vessel such as updates of ETA due to
estimated delays, the original data fields are overwritten and only the most
recent ETA was kept. The further details of the dataset can be found in
Smulders (2019), where it is originally collected and used.
2. DEEP SEA VESSEL DATASET (source: Port of Rotterdam): Each row represents the status of a deep sea vessel at a given moment, and includes vessel
specific data such as “Terminal”, “Date of notification”, “ETA”, “ATA”. If there
are multiple notifications of the same deep sea vessel (e.g. ETA updates), new
rows are inserted so that there are as many number of rows as the number
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of notifications. The further details of the dataset can be found in Smulders
(2019), where it is originally collected and used.
3. ORDER DATASET (source: Inland terminal data prepared in Gumuskaya
et al., 2020c): Each row represents a single transport order (or booking)
from a shipper to/from the inland terminal from/to the port. Here, order
requirements are specified such as “Origin Terminal”, “Destination Terminal”,
“Expected Arrival Date” and “Due Date”. Unlike the other two datasets, this
dataset does not include actual arrival dates vis-à-vis expected arrival dates;
only the day that the container is expected to arrive is known. Furthermore,
the expected arrival and due dates are on day basis, while in the other datasets
these fields are specified in units of seconds. The further details of the dataset
can be found in Gumuskaya et al. (2020c), where it is originally collected and
used.

5.A.2

Shortcomings of the original datasets and resolutions

The numerical experiments of this study necessitate each order to be complete
with order requirements (e.g. expected arrival date, due date, origin terminal,
destination terminal), container details (e.g. reefer) and actual events (e.g. actual
delays on arrival). Unfortunately, none of the three datasets alone includes all of
the fields. Fabricating the data from scratch could be an option, but this is not
preferred because we aim to show how data driven methods can reveal patterns
in real life, and how revealing those patterns may improve decision making under
uncertainty. If we fabricated data, we would be creating those patterns ourselves
without substantiation. For this reason, we chose joining these datasets.
Joining the datasets posed the following challenges:
1. In CONTAINER DATASET, the delays could be calculated by taking the time
difference between ETA’s and ATA’s but this is inconvenient for the following
reason: In practice, container terminals oblige the barge operators to make
call requests latest three days before the requested time of the barge call.
Therefore, late ETA notifications that are made by the deep sea vessels, for
example within the last day to expected arrival, is not useful for the barge
operator. On top of this three-day period, inland terminal also has internal
procedures such as planning container loading/unloading within the terminal
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and truck planning for pre/end hauling. Hence, only the ETA notifications at
least four days before the expected arrival time are usable.

This

difficulty

is

solved

DEEP SEA VESSEL DATASET.

by

joining

CONTAINER DATASET

From

DEEP SEA VESSEL DATASET,

with

the ETA’s with a minimum of four days notice are imported to
CONTAINER DATASET. In CONTAINER DATASET, the rows with imported
ETA’s are kept and the rest is removed. This final dataset, which we refer
to as CONTAINER POOL, consists completely of the containers with usable
ETA’s and ATA’s. The final columns of CONTAINER POOL are “Container
ID”, “Terminal”, “Reefer”, “Deep sea vessel call size” and “ Actual delay”.
Note that here the “Actual delay” is the time between the ETA of the deep
sea vessel to the port and the time the container is released (i.e. on the
ground in the container terminal and ready to be picked up). Resulting
CONTAINER POOL dataset has 49 587 rows over a three month period.

2. CONTAINER POOL dataset is sufficient for the first step of the solution
approach, i.e.

training a decision tree to predict the delays (See Section

5.4.2). However, for computational experiment it is not enough: For each
transport order we need order requirements (i.e. origin terminal, destination
terminal, expected arrival date, due date), container details to predict delays
(i.e. reefer indicator, deep sea vessel call size, terminal name) and actual delay.
ORDER DATASET already includes order requirements but container details
and actual delay is missing. For each order, we fill in the missing fields,
namely “Reefer Indicator”, “Deep sea vessel call size”, “Terminal Name” and
“Actual Delay”, by random sampling from CONTAINER POOL. During the
random sampling for each order, we use the existing order information as
much as possible. The details of how random sampling is done is explained
for each column as follows, and summarized in Figure 5.4:
i. “Reefer”: It shows if the container is refrigerated or not.

For each

order in ORDER DATASET, we randomly select a container from CONTAINER POOL with replacement and assign its “Reefer” value to the
order.
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ii. “Deep sea vessel call size”: It is important to realize that the delays
of containers are not independent. For example, if a Container A and
Container B are both import containers and have the same expected
arrival date to the same terminal, probably they share the same deep
sea vessel, which implies the vessel delay has to be the same. To
represent this correlation for import containers, we identify the orders
in ORDER DATASET sharing the same expected arrival date and origin
terminal with a unique “Group ID”. Similarly for export containers, we
identify the orders sharing the same due date and destination terminal
with “Group ID”. We assume such containers are from the same shippers
and there is a correlation of delay for preparing the cargo. For each
“Group ID” in the order set then, we randomly select a container from
CONTAINER POOL with replacement and assign the “Deep sea vessel
call size” to all orders in the selected “Group ID”. This same container
is used in the following step (i.e. for “Terminal name”) as well, to be
explained shortly.
iii. “Terminal name”: ORDER DATASET already includes the terminal
names, however these terminal names do not match with those in
CONTAINER POOL. The exact matching is crucial since the DT is
trained on CONTAINER POOL. Hence, for the selected “Group ID” in
the previous step, we fill in the “Terminal name” of the selected container
from CONTAINER POOL.
iv. “Actual Delay”: Until now, the container details are completed that
are necessary for making predictions. In the simulation stage, “Actual
delay” is necessary to evaluate the actual handlings and costs, which is
subject to randomness in line with container details. For this reason,
while filling in the “Actual Delay” we make another sampling: we check
“CONTAINER POOL” and determine which containers have the same
“Reefer Indicator”, “Deep sea vessel call size” and “Terminal name”.
Out of this subset, we select a random “Actual Delay” with replacement
and assign to the order. The reason of sampling from this subset rather
than sampling from the whole CONTAINER POOL is as follows: the
whole point of decision tree is to reveal patterns between the features
(i.e. “Reefer Indicator”, “Deep sea vessel call size” and “Terminal”) and
the predicted class (i.e.“Actual Delay”) in CONTAINER POOL. If we did

5.A Appendix

139

not do the subsetting, we would destroy any existing pattern between the
predicted (i.e. actual delay) and features (i.e. Terminal, reefer, deep sea
vessel call size), which would make the predictions unfairly inaccurate.

Figure 5.4: The summary of data preparation steps

In conclusion, we reach a dataset with 42355 orders with columns as in Figure 5.4,
where all of the required fields (i.e. order requirements, container details and actual
delays) are present. Among these fields, “ACTUAL DELAY” needs further elaboration. Originally, the ETA’s and ATA’s of deep sea vessels are recorded up to the
details of seconds in CONTAINER DATASET and DEEP SEA VESSEL DATASET.
Such precision is not meaningful under the high uncertainty in deep sea vessel
arrivals. Often, the container terminals change call times with short notice to earlier
or later times. Furthermore, the barge operator makes plans on daily basis. This
compels a need for converting the delays to days. This conversion is executed as
follows: we allow margin of delays and set a 6 hour threshold for the delays. If the
container is ready to be picked up within 6 hours of the ETA, then the delay is 0.
So the container can be picked up in the expected arrival date or later. If the delay
is greater than 6 hours but less than 30 hours, then the delay is 1 day and thus
the container can be picked up earliest one day after expected arrival date. This
conversion and the distribution of delays is summarized in Table 5.5.
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Table 5.5: The conversion formula of the ACTUAL DELAY from hours to days

x=Delay in hours

Delay in days

x≤6
6 < x ≤ 30
30 < x ≤ 54
x > 54

0
1
2
3

Percentage of observations in
“CONTAINER DATASET’
8.1%
41.1%
35.1%
15.7%

By using the container details, we will make predictions on the probability
distribution of actual delays, and use these predictions to improve the decision
making in the 2-stage stochastic MIP.

6

Conclusion

In this thesis, we study hinterland transport, which is a crucial part of intercontinental freight transport and global trade. The main motivation of the thesis is to
understand why potential advantages of multimodal transport are realized only to a
limited extent from an operational perspective. Overall, our study emphasizes how
lack of coordination leads to operational problems, and undermines the competitive
power of multimodal transport. The problems broadly emerge due to the intricate
relation between the actors, lack of coordination, dynamism and uncertainty. The
goals of the actors do not necessarily align with the interests of barge or railway
operators, and often are in direct conflict leading to problems at the operation level.
The multi-actor aspect and the decentralized execution of operations combined
with the inherent uncertain and dynamic nature of hinterland transport reduces
the flexibility of transport operators in planning their operations. As a result,
the efficiency at the operational level falls and the key advantage of multimodal
transport is compromised: economies of scale. Information plays an important role
in bringing back the efficiency to some extent. Effective exchange of information
between the actors and usage of the existing information better help the actors to
improve their operations. We arrive at this conclusion by answering four research
questions as explained in the next section.
Our study has various practical and methodological contributions: Firstly, the
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reference model is a valuable source for researchers. It draws a complete and
realistic portrait of how hinterland transport is executed in practice. Researchers
may learn from it, and formulate new studies that will address relevant practical
problems. Secondly, we propose a method to deal with coordination challenges,
which are complex in nature and require a thorough analysis. Instead of a topdown approach, the proposed method depicts how these challenges arise at the
operational level anatomically, and enables developing effective solutions. Thirdly,
we study two important factors in barge planning that have not received much
attention from the academia: uncertainty in container arrivals and dynamism in the
booking process. We numerically show that they impose significant limitations to
barge operations, and need to be considered while planning. Fourthly, we make
several methodological contributions. We propose to use stochastic programming
in an iterative approach with simulation to plan barge calls.

We introduce a

penalty for postponing containers to next periods, and show its benefits in avoiding
myopic behaviour. We also propose a new method to improve barge planning
that combines machine learning with optimization, and show that it outperforms
traditional stochastic approaches and approaches used in industry. The method
can be applied in many other contexts such as capacity planning in industry or in
agriculture.

6.1.

Research questions

The first research question addresses how hinterland transport is executed at the
operational level in practice. An understanding of operations in industry is crucial
to substantiate our findings in real life. To answer this question, we create a detailed
reference model of how transport planning and execution of multimodal transport
is done at the operational level. To this end, we did 12 semi-structured interviews
varying in 1-4 hours with different actors combined with a literature review. We
structure the findings of the interviews using a three-layered framework. The
framework consists of contracting, planning and physical layers, which interact
with each other through govern and feedback loops. Contracting layer defines the
actors and their goals. It is associated with how bookings are made and how trade
agreements determine the actors’ responsibilities and their goals. Physical layer
involves the physical storage and flow of containers. It entails terminal operations,
main haul and pre/end haul transport legs. Finally, the planning layer refers to
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all the decision making activities that guide the physical layer. The planning layer
is governed by the goals and requirements exerted by the contracting layer. The
processes within each layer are depicted as a reference model, which draws a
complete and realistic portrait of hinterland transport in practice. It illustrates the
actors involved, the intricate relationship between them and complex procedures
they execute. The reference model lays the foundation for the next two research
questions: first, it reveals the importance of coordination, and how the lack of
coordination leads to operational problems. Second, it shows how uncertainty and
dynamism has an impact on planning. These factors are elaborated in the rest of
the thesis.
The second research question addresses how we can model and analyze coordination challenges, which are complex in nature as they involve multiple parties with
different goals, and emerge as a result of continuous interaction between them.
The complexity and interdependence of actions make it hard to understand the
problem and develop effective solutions. To answer this research question, we
propose a method that models and analyzes the coordination challenges using
the framework and the reference model.

The modeling starts with depicting

relevant processes and actions of the actors in each layer.

Then, the analysis

follows: checking conflicting goals and assessing the role of contracts, assessing the
causal relations to reveal vicious cycles or chain reactions, identifying uncertainty
factors and requirements that reinforce the causal relations, and finally assessing the
reachability and timeliness of information exchange. The method reveals hidden
mechanisms that constitute a coordinate challenge. To illustrate the benefits of the
method, we use the chronic problem of barge congestion in the Port of Rotterdam
as a case study and show how the method can inspire new solution approaches.
For example, we show how the contracts fail to encourage the actors to improve
efficiency: when the sellers make the deep sea leg booking, they tend to make
marginal savings in the expense of undesirable demurrage and detention conditions
that reduces the flexibility of barge operators. Another example illustrates the
hidden mechanisms that create a snowball effect: changes in rotation plans (by
barges) and berth allocation plans (by container terminals) trigger each other,
leading to a vicious cycle of planning updates and an increased uncertainty for
all parties. Diagnosing these issues make it possible to develop effective solutions.
The third research question addresses measuring the impact of dynamism and
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uncertainty on barge planning. The negative impact of the two factors are discussed
from a broad perspective in the first two studies. In the third study, we specify
these factors in detail. Dynamism is associated with shippers’ making bookings
through time. When bookings are made in short notice, the barge operator cannot
consider those orders during planning, leading to less information and inferior
plans. Uncertainty is associated with the container delays on arrivals. When there
are delays, barges may not pick up the containers as intended and need to alter
their future plans to accommodate the delayed containers. To answer the research
question, we propose an iteration based method that involves a planning and a
simulation stage. The planning stage refers to determining barge calls for a one-week
period using a two-stage stochastic program. In simulation stage, the actual events
are simulated depending on the barge plan and the actual delays, and actual costs
are incurred. The iterations are repeated for a one-year period to see the long term
performance. The study answers the question whether the uncertain delays are
significant, and the extent of the impact numerically. We make a computational
study using the real orders of an inland terminal and show that uncertain delays
have an impact of up to 53% increase on total costs. We also illustrate the impact of
dynamism quantitatively. We show that the barge planning can be improved by up
to 20% if the shippers could be motivated to make their bookings sooner.
The fourth research question addresses how barge operators can improve planning
through a better use of information. This idea is put forward in the second study
as a means to deal with coordination challenges by decreasing the negative impact
of uncertainty. To answer this question, we propose a method combining machine
learning with optimization. We employ a similar problem context to the previous
study, except that this time capacity is included and dynamic orders are excluded.
We propose integrating decision trees with two-stage stochastic program. The
decision tree makes probabilistic predictions on the container delays using the
specific container information. The predictions are used in the scenario generation
process of the stochastic program that is solved by Sample Average Approximation.
The predictions lead to more accurate scenarios and improve the stochastic solution.
We employ a similar methodology to the previous study: a simulation based
iterative algorithm is used to test the long term performance of the proposed
method. We conduct a computational experiment using the data of the inland
terminal and the Port of Rotterdam. The results show that the proposed approach
reduces total costs up to 2.07% over the traditional stochastic approach, and up to
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4.57% over the current method used in industry. This is a significant improvement
achieved, made possible only by using the existing information better.
In this thesis, we reveal important insights in relation with synchromodal transport,
defined earlier as “efficient, flexible and integrated planning of hinterland transportation by real time information sharing”. Firstly, we describe an important challenge that
needs to be overcome: the decentralized decision making processes and conflicting
goals of the parties. This aspect of hinterland transport leads to coordination
challenges between the parties and poses obstacles against efficient planning. Next,
we emphasize a significant issue in operational planning: uncertain container delays
and dynamic orders. These two factors limit the flexibility of barge planning and
lead to high additional costs. Finally, we address the “real time information sharing”
aspect of synchromodal transport by developing a method, which uses container
specific data to predict container delays in order to support decision making under
uncertainty and increase efficiency.

6.2.

Limitations

This thesis is inspired by the problems faced by the practitioners in the hinterland
of the Port of Rotterdam. The advantages of this region are: the transport volume is
high, all three modes of transport have been implemented for a long time, there are
a vast number of operational problems and a strong initiative to solve them. That
being said, the observations are location dependent. In other parts of the world,
the findings of this thesis, for example up-to-date problems in industry, may not
directly apply. To remedy this, we aim to adopt a more general approach from the
observations we made. For example, while we model and analyze the coordination
challenges based on the problems in the hinterland of Rotterdam, we formulate the
method in a generic way that can be implemented for other problems in other parts
of the world.
Another limitation is the data aspect. During the computational experiments, it
was not possible to directly use the data of the inland terminal and the Port
of Rotterdam.

The information was not complete for our purposes (e.g.

the

requirements of an order and actual delays were not both at hand), and there
were also internal data issues such as duplicates, typos and such other problems.
Moreover, the data of the inland terminal and the Port of Rotterdam did not cover
the same periods. Therefore, we needed to convert the data into a usable format. It
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would be ideal to have a complete dataset covering a longer time period, and ready
to be used without any manipulation; but this was not the case.
Regarding the activities of the barge and the mathematical modelling in the third
study, we make assumptions on barge activities in line with our purposes. The
most important ones are: visiting the inland terminal and the port in consecutive
days, ignoring empty container repositioning and the possibility to employ a larger
fleet. There are also other technical considerations in real life. For example, not only
containers have different types such as dry or reefer, but also they have different
classes based on hygiene (e.g. food products and machinery may need different
types of dry containers). Furthermore, gas measurements may need to be scheduled
for an import container before it is delivered to the shipper. Our purpose in this
chapter is not to propose a model considering all the real life requirements and is
directly applicable. Rather, we aim to quantify the impact of uncertain container
delays in barge planning. Therefore, this is more a matter of design choice in line
with our purposes, but still a limitation we would like to acknowledge.
Finally, in the last chapter we propose machine learning to improve the decision
making under uncertainty.

Although the improvements are significant, the

numerical value of the improvement depends on the problem characteristics. For
example, the proposed method improves the traditional stochastic method by 1.4%,
while the hypothetical perfect information case improves it by 2.4%. In other
domains or problem contexts, where uncertainty plays a more important role and
the improvement potential by perfect information is larger, the numerical value of
the improvements by the proposed method could be significantly higher.

6.3.

Future Research

In this thesis, we introduce and study the uncertain delays in container arrival. In
practice, there are other uncertain factors that restrict barge planning. For example,
when a barge operator requests to make a call at a certain container terminal, the
terminal may reject this request and offer to handle the barge one or even two
days later. For this purpose, a similar setup to our study may be constructed, for
example by adding a constraint set that reflects the uncertainty of the availability of
the terminals in certain days. Comparing the performance of this new model with
the case where the call is approved with certainty (i.e. our case), it may be possible
to quantify the impact of uncertainty in the availability of container terminals.
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Another research idea to follow could be determining the fleet size. A larger fleet
will allow making more calls in a given week increasing the flexibility of planning.
With the increased flexibility and more calls, it will be easier to avoid trucking.
The disadvantage of a larger fleet, though, is the increased fixed costs of owning
or leasing an additional barge. It would be interesting to analyze this trade-off
and to determine fleet size under the existence of uncertain delays. The current
model in the third study can be modified to conduct this study. For example, if
a second barge is hired that operates in a reciprocal manner with the existing one
(i.e. when the first barge is at inland terminal, the other will be at the port and
vice versa), the mathematical model can be adjusted by removing the constraints
imposing alternating of the barge between the inland terminal and the port. This is
because it will be possible to make calls both at the inland terminal and the port at
a given day, while it will still take one day to deliver a container after its actual pick
up.
The restrictions on the barge schedule (i.e. making calls at the port and the inland
terminal in consecutive days) and the assumption of a single inland terminal can
be removed. This will allow for a more general but complex model. In this case,
it will probably not be possible to avoid a time-space network, which will rapidly
increase the number of decision variables and will be hard to solve to optimality. In
such a situation, metaheuristics can be employed to reach a good solution within a
reasonable computational time.
A methodological idea that we explore in this paper is using machine learning to
extract probabilities of certain events happening. In particular, we use decision
trees to arrive at delay probabilities for containers, and use those probabilities
in a stochastic programming formulation.

The application of this approach is

not limited to this specific context, and can be used in many other domains. It
is interesting to see whether the approach can deliver improvements for other
problems such as portfolio optimization, inventory control or vehicle routing
problems. Moreover, other methods can be developed following the generic idea
of “using machine learning for predictions, and integrating it with optimization”.
Hence, the idea we propose here can inspire new and even better methods. A
benefit of the research setup proposed in this thesis is that it allows quantifying
the value of better predictions. Anyone may argue that having better predictions is
good, but our approach successfully puts a figure on the real benefits.
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Flexible Services and

Summary
Uncertainty and the Value of Information in Hinterland Transport
Planning

Hinterland transport encompasses the flow of goods between the deep sea ports and
the inland. It enables maritime shipping and entails a significant portion of end-toend transportation costs. Multimodal transport is the utilization of multiple modes
of transport (e.g. barges, trains) that can potentially decrease unit transportation
costs and the environmental impact of hinterland transport through economies of
scale.
In this dissertation, we focus on containerized hinterland transport from a multimodal perspective. First, we provide an explanatory study and a framework that
portrays the current practices extensively, which is based on 12 in-depth interviews
made with various actors of hinterland transport varying in 1-4 hours in duration.
Second, we focus on the existing coordination challenges between the actors in
practice that decrease the efficiency and the competitive power of multimodal
transport. We propose a method to model these challenges in a holistic manner
and propose a qualitative method to analyse such models in depth. Third, we focus
on the impact of uncertainty in container arrivals and delays, which have not yet
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been studied quantitatively in literature. We model the barge planning problem
as a 2-stage stochastic mixed integer program (MIP) and analyse the impact of
uncertainty on total costs and modal split. We carry out numerical experiments
using the real data of an inland terminal and show that the delays reduce the
flexibility in planning and have a significant impact on costs. Finally, we propose a
method which combines data science and optimization to improve barge planning
under uncertainty. More specifically, a decision tree is trained on historical data,
which is used to predict the delays in container arrivals by using the container
specific information such as terminal name, whether the container is refrigerated
or not and deep sea vessel call size. These predictions are fed into the scenario
generation process of the 2-stage stochastic MIP, which enables more informed
decisions while planning barge calls. We conduct a numerical experiment that
uses the real data of an inland terminal and the Port of Rotterdam, and show that
significant improvements are possible using the existing information better.
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