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Part I

Opening

Chapter 1

Introduction
Everyday, a significant amount of Perishable products are transported around the
world, each with their own characteristics and preservation requirements. These are
products that lose their value or quality over time, if not appropriately stored or
transported. Animal products, certain medical products, and horticultural products
are accounted as perishables. To give an indication of how global perishable product
industries are, Table 1.1 introduces the top three importers and exporters of a few
product categories by their market value in 2015 [ITC, 2016].
Table 1.1 Top three exporters and importers in 2015 based on market value
Product Category
Dates, figs, pineapples, mangoes,
avocados, guavas
Cut flowers and flower buds for
bouquets, fresh or dried
Tomatoes
Olive oil and its fractions
Fish, fresh or chilled, whole

Exporters
Mexico, Costa Rica, Netherlands

Importers
United States, Netherlands, France

Netherlands, Colombia, Ecuador

United States, Germany, United Kingdom

Netherlands, Mexico, Spain
Spain, Italy, Tunisia
Norway, Sweden, United Kingdom

United States, Germany, Russian Federation
Italy, United States, Spain
Sweden, United States, France

Given short shelf-life of these products and high degree of supply and demand
uncertainty, most industries resort to fast and direct transport (such as air or road)
which are usually expensive and not environmentally desirable. On the other hand,
resorting to the cheapest and greenest transportation options on the market (such as
waterways), results in longer delivery, and therefore, perished products (Figure 1.1).
In an era where cost efficiency, agility, and sustainability are on the agenda of every
industry, the question is where is the trade-off ?. Efficiency means higher utilization
and consolidation, and a cheap and environmentally friendly transportation requires
switching from air and road to other modes of transport. Consolidation and mode
switching are the highlighted advantages of multimodal transportation.
Multimodal freight transportation is defined as the transportation of goods by a
sequence of at least two different modes of transportation [UNECE, 2009]. It offers
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Figure 1.1 The paradox of planning transportation of perishable products

a potential platform for a more efficient, reliable, flexible, and sustainable freight
transportation. However, planning operations of a multimodal system, added to the
extra product preservation of perishable products, is heavily complex. The current
thesis addresses this complexity, motivated by a real-world transportation system.

1.1

Motivation and Challenges

The current thesis was inspired by the Europe-wide transportation of horticultural
products, sold in the Dutch markets. Horticultural industry is a branch of agricultural
industry, where companies are involved in cultivation, process, trade, logistics, and
sale of plant products. Examples of horticultural products are plants, flowers, fruits,
vegetables, nuts, seeds, herbs, mushrooms, medicinal plants, and non-food crops such
as grass and ornamental trees.
The Dutch horticultural industry is globally well-recognized by the leading role it
plays internationally. It is the largest exporter of fresh products in Europe and one
of the top three largest exporters in the world. Everyday around 400, 000 types of
flowers and plants are sold in six auction locations around the Netherlands as well
as online, with average turnover of more than 8 million Euros per day [FloraHolland,
2015]. Kenya, Ethiopia, Israel, Netherlands, Belgium, Germany are among the top
producers of these products, and United Kingdom, Netherlands, Germany, France,
Italy, Poland, and Russia are among the top European markets.
Nowadays, most horticultural products are transported from the growers to auction
houses, inspected, auctioned, and delivered to the buyers and customers on regular
routines and on fixed routes (Figure 1.2). The foreign products are mainly transported
to the Netherlands by airplanes, and almost the entire long-haul transportation of
products throughout Europe is done by trucks. It is estimated that almost one out
of ten trucks on Dutch roads is filled with flowers and plants, and this number is
expected to increase [DAVINC3I, 2011].
So far, the Dutch horticultural industry has been successful and efficient in tradition-

1.1 Motivation and Challenges

5

Figure 1.2 An illustration of the current supply chain (extended from EVO [2009])

ally managing its transportation. However, similar to other industries, it is facing
new trends forcing its leaders to adapt and innovate. These trends and their resulting
transportation issues are [DAVINC3I, 2011]:
 New markets in developing countries (in Eastern Europe) are rising and new
production sites (in Africa, South America, and East Asia) are joining the
horticultural chain. This is translated into a significant change of network flow
volume on both sides of supply and demand.
 E-commerce advances are changing the traditional way of trade, pushing the
industry to virtualize its business. This means decoupling information and
financial flows from the physical one, which again changes the transportation
network. In the traditional scenario, products are transported in and out of
auctioning locations, but on a virtualized platform, products can directly be
transported from their suppliers to the final customers.
 New cold-chain technologies are being developed to improve product preservation process and therefore product quality. Such advances would facilitate longer
transportation and handling, which furthermore lifts hard time constraints, and
welcomes more transportation options into the picture.
 The transportation network itself is evolving. Construction of new train
tracks and waterways around Europe, establishment of new intermodal hubs
and cross-docks, and relaxation of international custom regulations, are some

6
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Figure 1.3 Average sale percentage of flowers to the main European markets for each
day of week

of the examples. These changes should also be incorporated in an efficient
transportation plan.
 New environmental regulations and taxes are being enforced that oblige the
industry to look for greener logistics and transportation, which the traditional
truck-only transportation might not be able to achieve. This would require
tailored planning models and algorithms for a multimodal transportation
platform.

The sector wants to strengthen its global leading position, and providing valueadded logistics services is one of their strategies. To be more specific, the sector
is aiming to lower related logistics costs in 2020 by 15%, equivalent to 64 million
Euroes [FloraHolland, 2015].

Challenges
An optimal transportation plan of perishable products needs to deal with several
challenges. Weather unpredictability, labour costs, and political issues have a direct
influence on the production, which makes the supply uncertain. At the other end of
the chain, economic power of household, cultural and political changes, and ceremonial
occasions, can significantly cause the demand to fluctuate. Therefore, the volume and
frequency of products to be transported are highly dynamic and uncertain. Figures
1.3 and 1.4 show just how the average daily and weekly demand for flowers vary in the
Dutch horticultural industry [Tosi, 2014, Verhoeven, 2014, Vlassak, 2014, Rosenboom,
2014].
Supply and demand dynamics are added to the operational challenges such as 1)
controlling and preserving product quality, 2) taking the conditions and limitations

1.1 Motivation and Challenges
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Figure 1.4 Average sale percentage of flowers for each week of 2013

of the available transportation network into account, and 3) managing the resources.
Some horticultural products are highly perishable, losing 15% of their value per day.
Recent RFID1 , sensor, and information technology advances, along with agricultural
engineering developments have eased the first challenge, easing the shift from truckonly to more multimodal long-haul transportation. However, there is not much
knowledge on what a multimodal transportation of perishable products would look
like, which modes could be used for transporting them, and how much it would cost.
Whilst drawing a multimodal transportation, management of logistics resources yet
stays challenging. Resources can be empty loading units, vehicles, crews, power
units, engines, etc. Positioning, balancing, repositioning, and rotation of these
resources are the subject of resource management. In the Dutch horticultural industry,
management of empty loading units, called Returnable Transport Items (RTIs), is
delicate. RTIs can have different sizes ranging from a small box to a large 45-feet
container. In the Dutch horticultural industry, flowers and bouquets are transported
in small RTIs (e.g. boxes or buckets) and plants in medium ones (e.g. cages or
trolleys). Their number in the entire chain is limited, and their shortage at locations
where they are needed results in quality decay of the products waiting for them, which
therefore results in lost sales and less profit. These RTIs are owned by the cooperative
party, stored mainly in two auction locations, and are leased to growers, exporters,
and transportation companies. These companies are then expected to return RTIs
back to their storage locations in time. Returning or repositioning these units is costly
and does not bring any direct profit.
According to the review paper by Ahumada and Villalobos [2009] on planning
approaches for perishable product supply chains, there is an evident gap in the
literature on transportation planning of these products considering the dynamics,
uncertainty, and risks involved. The main contribution of this thesis is then to fill
1 Radio-Frequency

IDentification (RFID)
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the gap within its own scope, which is multimodal long-haul transportation planning,
including management of the crucial resources.

1.2

Perishability in Transportation Planning Literature

In order to be able to frame the problems addressed in this thesis, outline the
objectives, and clarify its contributions, this section gives an overview on the literature
of planning transportation of perishable products.
This literature is distinguished by extra preservation constraints or penalty costs. Table 1.2 provides an overview of the literature on transportation of perishable products,
grouped into long-haul transportation, and last-mile (or first-mile) transportation.
Last-mile distribution is the transportation of products from a central hub, which is
usually a warehouse or a distribution center, to the final shops or customers. Firstmile on the other hand is the transportation of products from growers or factories to a
central hub, which is a consolidation or a logistics service center. Traditionally, these
parts of transportation cover small geographic areas and are carried out by truck-only
options, but are not definite. Long-haul transportation in contrast is the one among
hubs dispersed around the network and connected by multimodal options.
Last-mile distribution of products is usually modeled as Vehicle Routing Problems
with Time Windows (VRPTW) and the goal is to find the optimal load, delivery
routes, and departure times of vehicles. Akkerman et al. [2010] provide an
overview on the quantitative operations management approaches to food distribution
management, with focus on food quality, food safety, and sustainability aspects.
Regarding quality preservation modeling, they conclude that including temperature
based control technologies and models, is very limited in the literature and calls for
further research. Doerner et al. [2008] study the pickup problem of blood products
with strict interdependent time windows. They model it as a Mixed-Integer Program
(MIP), and present a branch-and-bound and three heuristic algorithms to solve it.
Their objective is to minimize the time that vehicles travel to collect all the products.
Hsu et al. [2007] model a food distribution planning problem with stochastic and
time-dependent travel times and time-varying temperature. Their objective is to find
a trade-off between transportation and inventory costs, while minimizing the loss
of served foods to customers. They propose a MIP and a Time-Oriented NearestNeighbor Heuristic to solve it. Osvald and Stirn [2008] address distribution of fresh
vegetables with time-dependent travel times, but add a quality degradation based cost
function to the objective function. They model this problem and use a simple heuristic
to solve it for a real-world case. Tarantilis and Kiranoudis [2001] and Tarantilis and
Kiranoudis [2002] study the distribution of fresh dairy with a heterogeneous fixed fleet,
and the distribution of fresh meat in a multi-depot network, respectively. However,
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VRP

VRP

VRPTW

VRP-HFF
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Hsu et al. [2007]

Hu et al. [2009]

Mendoza et al. [2011]
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Tarantilis and Kiranoudis [2002]

2

Problem Category

-

-

load×time

-

-

loss of food

-

estimated product loss per grower

travel time

quality state based on appearance and time

mode-dependent decay estimation

-

expiration TW

Quality Constraints

Last-mile

Last-mile

Last-mile

Last-mile

Last-mile

Last-mile

Last-mile

Long-haul

Long-haul

Supply Chain Design

Production-Distribution

Production-Distribution

First-mile

Transportation Mode

LBTA

BATA

a heuristic

three stochastic programming heuristics

IP-based metaheuristic

-

several metaheuristics

-

-

-

-

a time-oriented nearest-neighbor heuristic

a branch-and-bound, three heuristics

Proposed Solution Algorithm

Truck

Truck

Truck

Truck

Truck

Truck

Truck

Truck, Train

Truck, Train, Plane
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Truck, Train, Plane

Truck, Train, Barge, Ship

Truck

VRP: Vehicle Routing Problem, TW: Time Windows, IP: Integer Program, LP: Linear Program, DP: Dynamic Program, HFF: Heterogeneous Fixed Fleet
BATA: Backtracking Adaptive Threshold Accepting algorithm, LBTA: List-Based Threshold Accepting algorithm
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Hsu et al. [2007]
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Bortolini et al. [2016]

Problem Type

-

Gigler et al. [2002]

VRPTW

Tomato and pepper

Ahumada and Villalobos [2011]

Doerner et al. [2008]

Pea-based Protein

Apaiah and Hendrix [2005]

Reference

Product

Blood

Doerner et al. [2008]

(min) total transportation costs

(min) total transportation costs

(min) total (transportation + quality loss penalties)

(min) total transportation costs

(min) total transportation costs

(min) total costs

(min) total transportation costs

(max) total marginal profit

(min) total operating cost, carbon footprint, and delivery time

(min) total chain costs

(max) total expected (revenue -quality loss penalties)

(min) total production and transportation costs

(min) total driving time

Objective

-

-

dynamic travel times

stochastic demands, fixed compartments in trucks

-

dynamic temperature, stochastic travel time

flexible compartments in trucks

choice of mode

choice of mode per crop

-

choice of mode per crop

-

interdependent TW

Transportation Related Features

Table 1.2 Recent OR literature on transportation planning problems with perishable products
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neither of them exclusively contemplate the perishability of products. Tarantilis and
Kiranoudis [2001] propose a Backtracking Adaptive Threshold Accepting (BATA)
algorithm, and Tarantilis and Kiranoudis [2002] use a List-Based Threshold Accepting
(LBTA) algorithm to solve their real-world cases.
In addition to the perishability, in some distribution systems, the products are
incompatible and they cannot be loaded in the same truck or unit. Planning for
such products separately, and allocating separate trucks, while customers order them
simultaneously, results in excessive transportation costs. One solution is to divide the
truck space into compartments and load each compartment with a unique product
type. The examples in the literature are Derigs et al. [2011] and Mendoza et al. [2011].
Derigs et al. [2011] study such a distribution planning problem for food and petrol,
where the products are incompatible and they should be separated. They model it as
a VRP with flexible compartments and propose several metaheuristics to solve this
problem. Mendoza et al. [2011] study another VRP with compartment and stochastic
demand, and design three heuristics based on stochastic programming, and compare
their performance.
Supply chain design and production-distribution types of problem in the literature
also study transportation planning implicitly. Apaiah and Hendrix [2005] design a
supply chain for pea-based protein food with production, preparation, and processing
locations. They present a Linear Program (LP) for this production-transportation
problem, where products can be transported by multiple transportation modes.
Ahumada and Villalobos [2011] present a model for planning integrated production
and distribution of fresh products. Their MIP includes maximizing the profit while
considering all production costs and costs of transportation by multiple modes and
a quality decay penalty which is estimated based on mode type. Both Apaiah and
Hendrix [2005] and Ahumada and Villalobos [2011] assume to have multiple modes
of transportation between pairs of location on different chain layers, but in the latter,
they explicitly choose the optimal transport mode for each location pair. From a
different perspective, to design a supply network for agri chains, Gigler et al. [2002]
use Dynamic Programming (DP) methods to explicitly deal with the appearance
and quality of products over the operations. Appearance states are influenced by
handling actions. Quality states are influenced by processing, transportation and
storage actions.
The research work found in the literature that explicitly studies long-haul transportation is very limited. Reis and Leal [2015] propose a MIP model for a soybean
shipping chain planning problem where choice of transportation mode is included
in the model besides decisions for annual crop purchase. Since their real-world
application deals with significant uncertainty related to crop production, they define
several combinations of scenarios for this uncertainty and apply their MIP model
to each scenario in order to give insights to their decision makers. Bortolini et al.
[2016] propose a tri-objective LP for tactical planning of a food distribution network
considering operating cost, carbon footprint and delivery time goals. They apply their
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tool to a real-world distribution case and show the trade-off between the operational
costs and the carbon footprint.
Reis and Leal [2015] and Bortolini et al. [2016] published their papers during the
development of the current thesis, which shows studying long-haul transportation of
perishable products is gaining more attention. The framework of this thesis and its
scope are different from Reis and Leal [2015] and Bortolini et al. [2016], and its main
contribution is to include management of RTIs into the planning.

1.3

Transportation Planning Problems and Scope
of Thesis

So far, the motivation, challenges, and the methods used for dealing with product
quality preservation in the literature of transportation planning, were pointed out.
For framing the scope and objective of the thesis, this section takes a look at different
planning problems that arise in transporting perishable products.
From establishing a multimodal transportation until monitoring its hourly performance, there are three levels of planning problems [Crainic and Laporte, 1997,
Rushton et al., 2014]. Each level has its own decisions, scope, and objectives, and
involves certain business parties.
 Strategic planning relates to investment decisions on the present or potential
infrastructures (networks) and assets. Examples are constructing a new
railway, expanding an existing intermodal facility, or introducing a new product
preservation technology to the industry. Strategic decisions are made based on
partial information and estimation, require underlying study, and have longterm impact.
 Tactical planning deals with utilizing the given infrastructure by choosing
services and associated transportation modes, allocating their capacities, and
planning their itineraries and frequency. Tactical decisions are made based on
historically collected data and forecasts, but they are updated for instance every
season or annually.
 Operational planning still looks for the best choice of transportation modes,
best itineraries, and allocation of resources, but it needs to answer to the
day-to-day requirements of all multimodal operators, carriers and shippers.
Operational decisions deal with a dynamicity and stochasticity that is not
explicitly addressed at strategic and tactical levels. If the pace of dynamicity is
high, and the frequency of planning becomes real-time, operational planning is
called real-time or online planning.
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Figure 1.5 Scope of this thesis as highlighted

Scope of Thesis
In the scope of this thesis, it is assumed that a multimodal infrastructure and proper
quality control and preservation technologies are present and ready to use. The
reasons are threefold:
1. any network expansion or change is in domain of governmental and national
organizations and a perishable product industry is merely a user of such a
network,
2. there is no profit in owning vessels, trains, etc., when a perishable product
industry is not able to use them with high frequency and capacity utilization,
3. advancing quality control and preservation technologies is in the area of
chemical, biological, and electrical engineering.
Therefore, strategic planning is out of scope, and the content of this thesis is divided
into two parts, dedicated to studying tactical and operational planning (Figure 1.5).

1.4

Research Objectives

For each planning part, the related problems should be defined, modeled, and
optimized, to be able to obtain efficient plans. The research objectives of this thesis
are formulated in this respect.

1.4 Research Objectives
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Tactical Planning
The first step to plan multimodal transportation for perishable products is to
understand its dynamics, the decisions to be made, the factors influencing them,
and the objectives. The next step is to translate these elements into measurable
variables and tangible relations. Therefore, the first research objective is:
Research Objective 1: Model the multimodal transportation planning problem and
propose a mathematical formulation to optimize it.
In modeling the multimodal transportation planning with perishable products and
management of RTIs, measuring and preserving the product quality should be addressed. In addition, characteristics of different transportation modes, regarding their
schedules, capacity, etc. should be contemplated. Finally, the flow, repositioning, and
balance of the RTIs used for transporting the products should be included.
The dimensions and complexity of this tactical planning problem confine its ability
to find solutions for the real-world cases, therefore, the second research objective is:
Research Objective 2: Develop an algorithm for multimodal transportation planning and resource management of perishable products.
This algorithm should provide good solutions within reasonable computational time,
considering all constraints and requirements of the planning problem modeled above.

Operational Planning
Tactical planning models and decision tools alone are not sufficient for the day-to-day
management of operations. A transportation system is constantly changing from one
day to the next, and the dynamics of these changes require different decisions to be
made, more detailed factors to include, and probably different objectives to consider.
Therefore, a new platform is needed to optimize the day-to-day operations. In this
regard, the first objective is:
Research Objective 3: Develop a framework for operational planning of multimodal
transportation with perishable products and management of RTIs.
This framework should take the day-to-day changes of the system into account, and
based on the information it receives and its observation of the system evolution,
provides efficient actions and adjustments.
Relying on available information, representing what demand has already been revealed
and what has already happened in the system, might not provide smart and optimal
transportation solutions. Efficiency of a multimodal transportation depends heavily
on consolidation. The developed framework does not have any view on future, while
having an anticipation of what comes next, might help finding better consolidation,
and therefore, more efficiency. In perishable industries, demand for transporting
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Figure 1.6 Perishable transportation planning as explored in this thesis

products is dynamic and uncertain, and there are various trends (e.g daily, weekly,
and seasonal) causing it to fluctuate. Therefore, the next objective is:
Research Objective 4: Model anticipation of future demand and incorporate it in
the developed operational planning framework.
Even though future demand is uncertain, there is historical data available on its
behavior. Based on the insights that this data provides about future demand
scenarios, the modified framework should take different actions, offering a smarter
and more flexible transportation.

1.5

Outline of Thesis and its Contribution

In this thesis, relevant models and algorithms for tactical and operational planning of
multimodal transportation of perishable product are developed. Figure 1.6 illustrates
the structure of this thesis based on the research objectives described earlier. The
content of this thesis can be divided into two groups of tactical subjects (Part II) and
operational subjects (Part III).
Section 1.2 provided an overview and the place of this thesis in the literature of
planning the transportation of perishable products. In order to position the current
thesis in the literature of multimodal transportation planning, first in Chapter 2,
an overview of the recent research on tactical and operational planning problems

1.5 Outline of Thesis and its Contribution
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of multimodal freight transportation is presented. This chapter highlights recent
modeling and algorithm design advances, and identifies some gaps that can be subjects
of future work. Taking these gaps into account, this thesis contributes to the literature
from the perspective of perishable product transportation, including management of
the crucial resources.
As part of the tactical planning, in Chapter 3, the planning problem of multimodal
transportation of perishable products, with its decisions and constraints regarding
the flow of products, the repositioning of RTIs, and arrangement of multimodal fleet,
is described. Then, a MIP is proposed for it, which is an extension of the Fixed-cost
Capacitated Multicommodity Network Flow Problems (FCMNFP). The contribution
of this chapter is in adding new sets of constraints to the classic FCMNFP. These
constraints include a product quality measure based on temperature and travel time,
and enforces a maximum limit on products after which they are considered perished.
Moreover, the forward flow of loaded RTIs is integrated with the backward flow of
empty ones via a set of novel constraints. Based on RTI demands, these constraints
automatically assign and move the needed empty ones. Due to severe complexity of
this problem, in this thesis only one size of RTI (e.g. cages, Dense fusters, staple
wagons, trolleys) is studied. Detailed computational results and analysis are also
presented in this chapter. Appendix A later extends this single-RTI planning
problem to include three sizes of RTIs, where RTIs of each size should be loaded
(or nested) into its immediate bigger size in order to be transported. In practice for
instance, buckets and boxes are loaded onto trolleys, and trolleys later are loaded
into containers. Compared to a state-of-the-art heterogeneous resource management
problem, this problem has extra complexity due to the loading nesting relations of
RTIs. The extended MIP for this problem is also computationally tested and verified.
In Chapter 4, a solution algorithm is proposed to solve the MIP of Chapter 3.
The proposed algorithm is an adaptation of the classic Adaptive Large Neighborhood
Search (ALNS) algorithm. Application of ALNS algorithms is new to the FCMNFP
literature, and the contribution of this chapter is in the design of new neighborhoods,
and in the introduction of extra search strategies to improve performance of the
algorithm. Later in this chapter, comprehensive computational analysis on the
properties of the algorithm is presented.
In the operational planning part, in Chapter 5, first the operational planning
problem of long-haul transportation of perishable products, with its decisions and
constraints is described. This problem is a dynamic extension to the planning problem
of Chapter 3. Then, a rolling-horizon framework is proposed, where based on collected
data on the arrived demand and system evolution, a deterministic FCMNFP is
periodically solved to provide new and adjusted plans, in order to efficiently respond
to the new demand and system changes. A modified ALNS is embedded in the
framework to solve its FCMNFP problem. This is the first time a rolling horizon
approach is designed for operational planning of the multimodal transportation for
perishable products and with repositioning of empty RTIs. Another contribution of

16

Chapter 1. Introduction

this chapter is in studying the role of different updating policies in the framework.
Likewise, detailed computational analysis on the properties of the framework, along
with some practical insights, is provided.
The framework of Chapter 5 does not include any anticipation of future demand.
Therefore, in Chapter 6, this rolling horizon framework is further extended to include
a stochastic FCMNF modeled as a Scenario-based Two-stage Stochastic Program
(STSP), where a set of scenarios is generated and a redesigned ALNS algorithm is
employed to solve this scenario-based problem. The main contributions of this chapter
are in the STSP model and the ALNS algorithm with its new operators. Another
contribution of this chapter is in investigating the scenario generating strategies
and their influence on efficiency of solution quality and computational time. A
detailed computational analysis is presented on the scenario generation, and the role
of anticipation.
Finally, in Chapter 7, some remarks and conclusions are presented, and some future
research suggestions are given.
The content of this thesis is based on the following papers:
 SteadieSeifi M., Dellaert N., Nuijten W., van Woensel T., and Raoufi R.
(2014), “Multimodal Freight Transportation Planning: A Literature Review”,
European Journal of Operational Research 223 (1), 1–15.
 SteadieSeifi M., Dellaert N., Nuijten W., and van Woensel T.(2016), “A
metaheuristic for the multimodal network flow problem with product quality
preservation and empty repositioning”, submitted to Transportation Research
Part B: Methodological.
 SteadieSeifi M., Dellaert N., and van Woensel T. (2017), “A rolling horizon
framework for operational planning of multimodal transportation with perishable products, empty repositioning, and stochastic demand”, to be submitted.
 SteadieSeifi M., Dellaert N., and van Woensel T. (2017), “A multimodal network
flow problem with product quality preservation and multi-size reusable transport
units”, BETA working paper 522.

Chapter 2

Multimodal Freight
Transportation: A Literature
Review on Tactical and
Operational Planning
In Section 1.2, this thesis was placed in the literature of transportation planning
of perishable products. It was shown that the research on long-haul transportation
of these products, and explicitly modeling temperature-based quality measures, is
limited. This thesis is aiming to contribute to that literature by studying the
multimodal transportation of these products. Multimodal transportation offers
an advanced platform for more efficient, reliable, flexible, and sustainable freight
transportation. In order to define the contribution of this thesis in the literature
of multimodal freight transportation planning, this chapter presents a structured
overview of the recent literature, focusing on tactical and operational planning, where
relevant models and their developed solution techniques are presented. This chapter
starts with defining the multimodal transportation and its different terminologies in
Section 2.1. Then, Section 2.2 presents the recent developments on tactical planning
problems and Section 2.3 gives an overview on recent papers about operational
planning problems. The reviewed literature in this chapter were approached by
looking at their motivations, characteristics of the different encountered problems,
and their respective solution methods. These sections then were built around more or
less the same structure: (1) a description of the conceptual and mathematical models
(2) the solution methods used and (3) the opportunities for future research based on
the identified gaps. Finally, overall conclusions and some future research is provided
in Section 2.4.
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Multimodal Transportation

Freight transportation is a key supply chain component to ensure the efficient
movement and timely availability of raw materials and finished products [Crainic,
2003]. Demand for freight transportation results from producers and consumers
who are geographically apart from each other. Following trade globalization, the
conventional road mode is no longer an all-time feasible solution, necessitating other
means of transportation (and their combinations). In this regard, in 2010 about 45.8%
of total freight transportation in European union countries were transported via road,
36.9% via sea, around 10.2% via rail, and 3.8% via inland waterways [EUROSTAT,
2012].
The freight transportation market has witnessed several trends. In many parts of the
world, new markets are rising and the customer base is growing. Furthermore, several
trade regulations encourage easier and smoother international trade. Following the
economic crisis in 2008, many industries browsed their business processes in order to
decrease their costs and increase performance. As a consequence, shippers, carriers,
and Logistics Service Providers (LSP) were urged to work at lower cost, while still
maintaining high quality. Companies saw the solution in more cooperation and
integration, as such utilizing resources more efficiently.
Besides economic factors, environmental concerns are high on the agenda. New
regulations and taxes were raised to encourage companies to shift to more sustainable
solutions. Clearly, in this context, efficient and effective transportation is needed, as
the transportation cost share in the supply chain is significant [Ghiani et al., 2013].
A transportation chain is basically partitioned in three segments: pre-haul (or first
mile for the pickup process), long-haul (door-to-door transit of containers), and endhaul (or last mile for the delivery process). In most cases, the pre-haul and endhaul transportation is carried out via road, but for the long-haul transportation,
road, rail, air and water modes can be considered. As pointed out, long-haul
transportation usually involves combining different modes, but also in pre- and
end-haul transportation, more and more multimodal systems are observed (using
a combination of trucks and bicycles in city logistics, for instance).
All literature discussed in this chapter focuses on multimodal freight transportation,
most of which is containerized (growing around 15% annually). Key reasons for
containerization are an increase in the safety of cargo, reduction of handling costs,
standardization, and accessibility to multiple modes of transportation [Crainic and
Kim, 2007].
The research in the area of multimodal transportation planning accelerated during
the last decade. The chapters of Crainic [2003] and Crainic and Kim [2007] on
long-haul and intermodal transportation, the review papers of Bontekoning et al.
[2004], Macharis and Bontekoning [2004], Christiansen et al. [2007] and Bektaş and
Crainic [2007] are the most notable review papers on multimodal transportation
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planning problems. This chapter investigates the recent research on long-haul
freight transportation planning. Public transportation, the ‘pure’ pre-haul and endhaul transportation problems and city distribution planning are out of scope. The
interested reader is referred to Laporte [2009] for an overview on vehicle routing
solution developments and PDH for a review on pickup and delivery problems. To
keep the length of this chapter reasonable, the operational planning of multimodal
terminals is also out of scope. The review paper by Stahlbock and Voß [2008] gives a
nice overview in this field. Furthermore, the state of the practice is not reviewed here.
Gorman et al. [2014] explore the state of the practice of Operations Research (OR)
in freight transportation, and highlight recent successfully used analytical techniques
in oceanic transportation and port operations, and barge, freight rail, intermodal,
truckload, less than truckload, and air freight transportation, as well as the use of
OR techniques in third-party logistics.
Over the years, different terminologies circulate in the literature and in the industry:
multimodal, intermodal, co-modal, and more recently, synchromodal transportation.
Multimodal transportation: Multimodal freight transportation is defined as the
transportation of goods by a sequence of at least two different modes of transportation
[UNECE, 2009]. The unit of transportation can be a box, a container, a swap body,
a road/rail vehicle, or a vessel. As such, the regular and express delivery system on
a regional or national scale, and long-distance pickup and delivery services are also
examples of multimodal transportation.
Intermodal transportation: Intermodal freight transportation is defined as a
particular type of multimodal transportation where the load is transported from an
origin to a destination in one and the same intermodal transportation unit (e.g. a
TEU1 container) without handling of the goods themselves when changing modes
[Crainic and Kim, 2007]. Intermodal terminals around the globe give companies the
flexibility and the economies of scale of using multiple modes.
Co-modal transportation: This type of transportation focuses on the efficient use
of different modes on their own and in combination. Co-modality is defined by the
Commission of the European Communities [CEC, 2006] as the use of two or more
modes of transportation, but with two particular differences from multimodality: i)
it is used by a group or consortium of shippers in the chain, and ii) transportation
modes are used in a smarter way to maximize the benefits of all modes, in terms of
overall sustainability [Verweij, 2011].
Synchromodal transportation: Synchromodal freight transportation is positioned
as the next step after intermodal and co-modal transportation, and involves a
structured, efficient and synchronized combination of two or more transportation
modes. Through synchromodal transportation, the carriers or customers select
independently at any time the best mode based on the operational circumstances
and/or customer requirements [Verweij, 2011].
1 Twenty-foot

Equivalent Unit
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The comment aspect in all definitions is the use of more than one transportation
mode. Of course, the devil is in the details and some definitions put more emphasis
on certain aspects of the transportation process. Synchromodal emphasizes the (realtime) flexibility aspect [van Riessen et al., 2015], intermodal focuses on the same
loading unit, and co-modal adds resource utilization. Note, however, that the basic
definition of multimodal transportation does not exclude any of the other definitions.
Multimodal is the broadest definition and includes the other notions. In what follows,
multimodal is used consistently.
There are three levels of decision horizon for planning problems: strategic, tactical, and
operational planning. Since this thesis focuses on tactical and operational planning
levels, the interested reader is referred to SteadieSeifi et al. [2014] for an overview on
strategic planning problems.

2.2

Tactical Planning Problems

Tactical planning problems deal with optimally utilizing the given infrastructure by
choosing services and associated transportation modes, allocating their capacities to
orders, and planning their itineraries and frequency. Table 2.1 and Figure 2.1 provide
an overview of the literature discussed on tactical planning problems.
Deciding whether to send cargo direct or through a consolidation system entails a
tradeoff influenced by system costs, operation times, network structure, and customer
requirements. In the literature on tactical planning problems, mostly hub-and-spoke
structures are regarded. Freight on hub-and-spoke networks is transported by a single
service, or a sequence of services where the loads are transferred from one service to the
next at intermediate terminals. A service is characterized by its origin, destination,
and intermediate terminals, its transportation mode, route, and its service capacity.
Likewise, a mode is characterized by its loading capacity, speed, and price. Usually,
these services and modes have fixed costs.
Following Figure 2.1, there are two groups of models. The first group, Network Flow
Planning (NFP), relates to the flow planning decisions addressing the movement of
orders (commodities) throughout the network. The second group, Service Network
Design (SND), involves the service planning decisions including all decisions on
choosing the transportation services and modes to move those commodities.
SND problems are furthermore partitioned into static and dynamic problems. While
in both groups one determines the frequency of the service, the capacity allocation,
the equipment planning, and the routing and flow of commodities, in the former it is
assumed that all problem aspects are static over the time horizon, and in the latter,
at least one feature (e.g. demand) varies over time. Table 2.1 shows a growing body
of literature in SND problems compared to NFP problems. This trend indicates that
decision makers take the fixed cost of employing services into account and look for
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Braekers et al. [2013]
S

S
S

Barge

Bektaş et al. [2010]

S

S

F

F

Rail

Miller-Hooks et al. [2012]

F

F

Ship

Meng and Wang [2011]

F

Huang et al. [2011]

Hewitt et al. [2013]

F

F
F

Road, Air

Croxton et al. [2007]

Cohn et al. [2008]

Mode

2

Assets

1

Category

Chen and Miller-Hooks [2012]

Reference

Uncertainty
Issues
demand

demand

demand

travel times

disruption

demand

disruption

disruption

Decentralized
Decision
Making
X

X

maximizing net profit

outsourcing costs for drayage carriers, transshipment costs for intermodal operator

system costs, ad hoc capacity increase cost

system costs, ad hoc capacity increase cost, handling and storing costs

emission costs

waiting times

maximizing net profit

maximizing net profit

maximizing net profit

bi-level: min. time, max. benefit

transshipment costs

bi-obj. incl. fuel costs, transshipment costs and inventory costs

maximizing net profit

bi-obj. incl. total travel times

bi-obj.: travel cost; travel time

arc fixed costs, terminal waiting costs, penalty for empty capacity, and cooperation
costs

Maximizing net profit

capacity violation penalty

penalty for waiting at terminals

transshipment costs plus penalty for not served demands

bi-obj. incl. total exposure

bi-obj. incl. total exposure

maximizing resilience

maximizing net profit

empty unit transport costs

cost based on modal price

maximizing resilience

Additional
objective
components
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Tactical
Planning
Problems

Models

Solution
Methodologies

Network Flow
Planning

Static Service
Network Design

Dynamic Service
Network Design

Exact

Approximation

Heuristics

Metaheuristics

Hybrid Heuristics

Others

Arc-based [Cohn et al., 2008, Croxton et al., 2007, Hewitt et al., 2013, Verma and Verter, 2010, Verma et al., 2012]

Path-based [Cohn et al., 2008, Meng and Wang, 2011, Verma and Verter, 2010, Verma et al., 2012]

Stochastic programming [Chen and Miller-Hooks, 2012, Meng et al., 2012, Miller-Hooks et al., 2012]

Arc-based [Ayar and Yaman, 2012, Bektaş et al., 2010, Braekers et al., 2013, Chang, 2008, Chouman and Crainic, 2011, Cho et al.,
2012, Crainic et al., 2006, Garcı́a et al., 2013, Gelareh and Pisinger, 2011, Lin and Chen, 2008, Minh et al., 2012]

Path-based [Anghinolfi et al., 2011, Ayar and Yaman, 2012, Caris et al., 2012, Pazour et al., 2010, Shintani et al., 2007]
Stochastic programming

Arc-based [Andersen and Christiansen, 2009, Andersen et al., 2009b, Bai et al., 2012, Bauer et al., 2010, Li et al., 2016, Moccia
et al., 2011, Pedersen et al., 2009, Puettmann and Stadtler, 2010, Thiongane et al., 2015, Teypaz et al., 2010, Yaghini et al., 2014]
Path-based [Andersen et al., 2009b, Thiongane et al., 2015]

Cycle-based [Agarwal and Ergun, 2008, Andersen et al., 2009b,a, 2011, Chouman and Crainic, 2014, Crainic et al., 2016, Moccia
et al., 2011, Paraskevopoulos et al., 2016a, Pedersen et al., 2009, Paraskevopoulos et al., 2016b, Zhu et al., 2014]

Stochastic programming [Bai et al., 2014, Demir et al., 2015, Hoff et al., 2010, Lium et al., 2009]

B&B [Lin and Chen, 2008]; B&C [Ayar and Yaman, 2012, Gelareh and Pisinger, 2011, Pazour et al., 2010]; customized B&P
[Andersen et al., 2011, Hewitt et al., 2013]; B&P&C []
Decomposition [Bektaş et al., 2010, Verma and Verter, 2010]
Relaxation and decomposition [Chang, 2008, Meng et al., 2012, Thiongane et al., 2015]
Cutting-plane with variable fixing [Chouman and Crainic, 2014]

Decision algorithm [Huang et al., 2011]
Greedy heuristic [Agarwal and Ergun, 2008]
Local search [Bai et al., 2012]

Scenario tree generation [Puettmann and Stadtler, 2010]; Scenario grouping [Crainic et al., 2014]; SAA [Demir et al., 2015]

Tabu search [Bai et al., 2012, Chouman and Crainic, 2011, Crainic et al., 2006, Li et al., 2016, Minh
et al., 2012, Pedersen et al., 2009, Verma et al., 2012, Yaghini et al., 2014]

Randomized neighborhood search [Anghinolfi et al., 2011]; Variable neighborhood search [Hoff et al., 2010]

Genetic and evolutionary algorithm [Paraskevopoulos et al., 2016a,b, Shintani et al., 2007]
Progressive hedging-based [Crainic et al., 2014]

Column generation based [Agarwal and Ergun, 2008, Brouer et al., 2014, Crainic et al., 2016, Karsten et al., 2016, Moccia et al., 2011]
Dynamic programming based [Cho et al., 2012]

Decomposition based [Agarwal and Ergun, 2008, Garcı́a et al., 2013, Teypaz et al., 2010]

Slope scaling, long-term memory-based perturbation strategies, and ellipsoidal search [Crainic et al., 2016, Zhu et al., 2014]
Simulation [Caris et al., 2012, Lium et al., 2009]
Exact + simulation [Chen and Miller-Hooks, 2012, Miller-Hooks et al., 2012]
Ad-hoc heuristic [Anghinolfi et al., 2011]
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Figure 2.2 (a) Space-time network with three nodes and six time periods. (b) Example
of a feasible service plan. [Andersen et al., 2009a]

cost-efficient solutions.
In both NFP and SND problems, continuous variables are used to represent
commodity flows throughout the network, but in SND problems, binary variables are
included for selection of services. The variables can be arc-based representing flow on
an arc or path-based representing flow on a path (a series of arcs). SND problems are
then modeled as Fixed-cost Capacitated Multicommodity Network Design (FCMND)
problems.
Dynamic SND problems have a time dimension in the CMND formulation, making it
a discrete multi-period model. Therefore, the SND problem is mapped both in time
and space, and each node in the new network represents a terminal at a time period.
This space-time network has the potential to accommodate many real-life properties
of SND problems. An example is waiting or transfer operations at a terminal,
represented by arcs connecting different time periods with the same locations.
Another example is different transportation modes, represented by additional arcs.
Such arcs can therefore accommodate different costs for terminal operations and
modal costs. For an overview on dynamic SND problems, the interested reader is
referred to Wieberneit [2008].
In addition to planning flows of commodities, routing, and scheduling of services,
managing limited available resources (assets) are also integrated with SND problems.
Assets can be containers, vehicles, crews, power units, engines, etc. Positioning,
balancing, repositioning, and rotation of assets are the subject of asset management.
Assets follow a “full-asset-utilization” policy ensuring that the composition, capacity,
and other characteristics do not change over the planning horizon. Cycle-based
variables can be used to integrate the mode or vehicle rotation over the planning
horizon into SND models. In this order, backward arcs connecting later time periods
to earlier ones are used to represent cycles and rolling horizons. Figure 2.2 gives an
illustration of a space-time network with cycle-based arcs.
In NFP and SND problems, arc-based variables are mostly used (Figure 2.1), while
path-based and cycle-based formulations, particularly in dynamic SNDs where the
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physical network is multiplied by the number of time periods, are computationally
interesting to study. A cycle-based formulation, as soon as the cycles are enumerated,
outperforms the arc-based formulation in both time and solution quality [Andersen
et al., 2009b]. Andersen et al. [2009b] show that compared to the arc-based
formulation which yield an average 5% to 20% gap, the cycle-based formulation
exhibit gaps from 1% to 5%. However, the drawback is that by increasing the
number of periods in the planning horizon, the number of cycles to be generated grows
exponentially and generating them needs smart enumeration algorithms. To cope with
this problem, Andersen et al. [2011] design a customized Branch-and-Price (B&P)
algorithm for the problem presented Andersen et al. [2009b] and show its superiority
to the other common exact algorithms. In their proposed algorithm, they integrate
two column generation subproblems for integer cycle design and continuous flowpath variables. They also use a combination of branching strategies, a mechanism to
dynamically add violated strong linear relaxation cuts, and an acceleration technique
based on depth-first search to speed up finding integer solutions. Following these
papers, Crainic et al. [2016] propose a hybrid heuristic, combining column generation,
slope scaling, and intensification and diversification heuristics, to solve SND problems
with design-balanced requirements. They compare their approach with the previous
works and show that while it generates a relative small set of all cycles, it is capable
of producing high-quality solutions. Brouer et al. [2014] also propose a hybrid
metaheuristic to solve the liner shipping network design problems. In their algorithm,
they use column generation to avoid extensive computation, and an integer program
inside the improvement heuristic, which provides the set of services to be removed and
reinserted. Karsten et al. [2016] extend this work to solve a liner shipping network
design problem with transit time restrictions on commodities. They introduce a
specialized label setting to take these restrictions into account.
Solving NFP and SND problems due to their large set of variables is difficult. Figure
2.1 presents the solution methodologies used, and clearly shows that due to
complexity of these problems, heuristic and metaheuristic solution methods are the
prime choice. Among them, Tabu Search (TS) seems to be a popular metaheuristic
algorithm [Bai et al., 2012, Chouman and Crainic, 2011, Crainic et al., 2006, Minh
et al., 2012, Pedersen et al., 2009, Verma et al., 2012]. However, no paper was found
applying approximation techniques, which is an interesting research opportunity.
In order to evaluate the performance of the proposed algorithms, good benchmark sets
are needed. The majority of the research on tactical planning level address specific
real-world problems and the algorithms designed for those problems. Thus, a solid
analysis on the efficiency of different algorithms, due to the lack of general benchmark
sets, is not attainable. One can only refer to the interesting results obtained by the
researchers. For instance, Bektaş et al. [2010] compare arc-based and flow-based
decomposition methods in solving small sizes of their nonlinear problem, and show
that despite the fact that the arc decomposition has a better convergence, it takes
more time compared to flow-based decomposition. In overall, both techniques handle
the nonlinearity efficiently. Recently, Brouer et al. [2013] has offered a benchmark
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suit based on liner shipping network design problems based on industrial standard
and rules, and presented the first best known solutions for them.
Zhu et al. [2014] compare the performance of their hybrid algorithm with a state-ofthe-art solver for small to medium sizes of a randomly generated data set. They show
that their algorithm outperforms in computational time and even solution quality
when instance size grows. For instance, the combination of slope scaling and longterm memory-based perturbation achieves on average 21% improvement in solution
gap in 10 hours compared to the solver. Inclusion of ellipsoidal search even improves
the average solution gap by 2% more. For small instance, this hybrid algorithm finds
the optimal solution of 5 out of 7 instances and reaches an average gap of 0.13% for
the others.
Ayar and Yaman [2012] use a real world data set with 34 nodes and 167 services, and
generate a random network of 66 nodes and 1200 arcs, and test them for 400 up to 1000
commodities. Their first conclusion is that by increasing the number of commodities,
the average optimality gap decreases. Moreover, adding valid inequalities and variable
fixing strategies result in significant improvements both in time and solution quality.
All their instances are solved to optimality within 6 minutes. Ayar and Yaman [2012]
also investigate variable fixing based on capacity restrictions, but in overall, it does
not bring much improvement to their previous valid inequalities and variable fixing
strategies.
The work of Pedersen et al. [2009] is one of the examples of using TS as the base
of a solution algorithm. They use the instance sets of Crainic et al. [2000] and
Ghamlouche et al. [2003]. In comparison to a MIP solver, their algorithm shows
robustness, and even outperforms the solver in 33 cases of the 78 instances they
tested. Although the tuning of TS is dependent to the instance characteristics, in
instances with particular structures like high fixed-variable cost ratio and/or loose
capacity, TS outperforms the MIP solver. With the use of an independent multisearch
strategy, Pedersen et al. [2009] could furthermore improve the results to 2% more.
However, their TS still stands as a powerful algorithm. Li et al. [2016] decompose their
SND with heterogeneous vehicles into two interdependent sub-problems of a fixedcharge capacitated multicommodity network design problem, and a vehicle assignment
problem (VAP). They also propose a TS with cycle-based neighborhoods to solve this
problem. Yaghini et al. [2014] in the body of a Tabu Search algorithm, propose a
new cutting-plane neighborhood for solving fixed-charge capacitated multicommodity
network design problem, which uses different strategies to select an open arc to be
closed. The selected arcs are either arcs with maximum combined costs, or maximum
value of unused capacity ratio multiplied by the arcs fixed costs. They show that in
solving the standard instances in the literature, their neighborhood outperforms many
other methods such as cycle-based, path relinking, multilevel, and local branching
methods.
In comparison, Paraskevopoulos et al. [2016a] propose an evolutionary algorithm for
SND problems, which using principles of scatter search, iterated local search, new
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cycle-based neighborhoods, and efficient perturbation strategies, evolves a pool of
solutions. They show that their algorithm is able to provide high quality to optimal
solutions for the standard instances in the literature. Paraskevopoulos et al. [2016b]
explicitly study congestion at nodes and its related costs in SND problems. It is a
nonlinear integer program, and they propose a reformulation as a mixed integer second
order cone program, and extend the evolutionary algorithm of Paraskevopoulos et al.
[2016a] to provide the upper bounds. They show that their evolutionary algorithm
provides good results in really short computational time.
Adding to the aforementioned discussions, there are many other opportunities for
future research. Overall, Table 2.1 shows that little work has been carried out on
integrating asset management in SND problems, while in multimodal transportation,
especially in containerized shipment, multiple types of loading units are involved, and
repositioning their empties is costly. Furthermore, these assets require simultaneous
allocation planning. As an example, crew scheduling is usually studied independently,
but it also depends on the service schedules, and embedding it in SND problems is
expected to provide higher performance efficiency. In recent literature, Zhu et al.
[2014] extend the conventional SND and include car classification and blocking, and
train make-up in a railway system. Their space-time modeling includes three layers
for service, block, and car. They design a hybrid metaheuristic algorithm combining
slope scaling, long-term memory-based perturbation strategies, and ellipsoidal search
method, which can solve problems with up to 10 yards, 60 tracks and 3050 services. In
solving small sized instances, in case their model cannot find the optimal solution in
10 hours, it reaches an average optimality gap of 0.13%. Moreover, in solving bigger
sizes, it outperforms a commercial solver both in time and solution quality.
Another capital aspect of multimodal transportation systems worth more consideration is the transshipment of loads at terminals and its effects on the performance of
the whole system. Transshipment is usually implicit in multimodal tactical planning,
though feasibility of operations, especially in the presence of fixed timetables depends
on explicit study of transshipment operations and their related costs. Meng and Wang
[2011] only impose a constraint on maximum berth occupancy time for each ship
deployment plan, and Anghinolfi et al. [2011] also include a restriction on maximum
handling operations for each train at a given terminal. Still, these research works do
not assess any explicit costs to these operations. Gelareh and Pisinger [2011] subtract
a general transshipment costs (per container at a given port) from the revenue in
their objective function. Hamzaoui and Ben-Ayed [2011] integrate transshipment
costs into a handling cost per container, which also includes loading and unloading
costs. Andersen and Christiansen [2009] study the issues of border crossing and embed
the handling costs in terminals into unit flow cost.
Some papers include detailed transshipment operations and their costs. Hsu and
Hsieh [2007], in addition to servicing costs such as ship pilotage and berth occupancy,
consider cargo handling, equipment charges, and inventory costs into their cost
function. Shintani et al. [2007] have port related costs and cargo handling costs which
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are subtracted from revenue in their objective function. Hoff et al. [2010] explicitly
include inventory holding costs at terminals into their objective function, and Zhu
et al. [2014] include restrictions on maximum track occupation of trains at terminals
and maximum number of block-building workload at each period, along with costs
related to these operations into their model.
Transshipment becomes more critical in the presence of cut-off times and when
synchronization of the system plays an important role in on-time delivery of timesensitive products. Andersen et al. [2009a] seem to be the only one taking
synchronization into account. They extend the work of Andersen and Christiansen
[2009] by including the synchronization within the system and with the neighboring
systems. They conclude that by more collaboration and integration of transportation
systems, significant improvement in performance can be achieved. In order to have
a synchronized transportation system, studying transshipment, its conditions, and
costs offers another interesting future research direction.
However, synchronization of operations might fail if uncertainty is ignored. Assuming
the planning elements such as coming demand as deterministic generates suboptimal
solutions, redundant costs and less efficiency. Among various types of uncertain
factors, stochastic demands are studied mostly, and modeled as multi-stage stochastic
programs [Bai et al., 2014, Crainic et al., 2014, Hoff et al., 2010, Lium et al., 2009,
Meng et al., 2012, Puettmann and Stadtler, 2010]. Following Lium et al. [2009] where
flexibility in face of uncertain demand is dealt with adding ad-hoc capacity increase
to the model, Bai et al. [2014] incorporate vehicle rerouting as their second means
of flexibility. Despite its expensive computation, they show that their solutions offer
better flexibility with less outsourcing, however, it highly depends on the nature of
uncertain demand. One class of widely used approaches in solving stochastic problems
is the scenario-based approaches where the uncertain factors are represented in the
stochastic programs as scenarios. The most important issue in these approaches is
then how good these scenarios represent all possibilities of the uncertain factors. There
are many strategies in the literature such as scenario grouping. Crainic et al. [2014]
propose strategies to group the scenarios based on the type of decomposing them, type
of grouping, and measures specifying their similarities, and in the body of a progressive
hedging-based metaheuristic, they show that the covering strategy with respect to
commodity demands produce the highest quality solutions. Stochastic demand is
not the only source of uncertainty. Andersen and Christiansen [2009] study the
variability of travel times in their service network design, but with a different modeling
approach. They add a slack variable that represents this variability, set a penalty cost
for it in their objective function, and analyze the utilization of their fleet based on
positive values of this variable. Demir et al. [2015] study an intermodal transportation
planning problem with stochastic demand and travel times, and with emission-related
costs. Unlike most of the SND literature where planning horizons are discretized,
they propose a continuous-time mixed-integer linear programming formulation for it,
and apply a Sample Average Approximation (SAA) algorithm which evaluates an
extensive set of scenarios in order to develop more robust transportation plans.
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Moreover, a reliable transportation network is a network that can recover from any
disruption by preventing, absorbing, or mitigating its effects. Unexpected incidents
like traffic jam, accidents, storms, hurricane, etc. can cause disruption on a link or
in a terminal. In multimodal transportation planning, providing reliable but costefficient services is a hard task. If the designed network is flexible enough, disruption
might be absorbed by the normal plans, but if this flexibility has not been deliberated,
recovery plans are required to revive the system and keep the promised service levels.
In multimodal transportation, such recovery plans usually involve service and modal
change. In the recent literature, Huang et al. [2011], Chen and Miller-Hooks [2012],
and Miller-Hooks et al. [2012] take disruption and required recovery and preparedness
actions into account. Huang et al. [2011] compare the forecasted delay on a distressed
link to the tolerance threshold of the next link, and if the delay crosses the threshold,
a re-routing with the smallest deviation and least cost is made. Chen and MillerHooks [2012] define an indicator of network resilience to assess the vulnerability of
a time-definite network and make a priori investment decisions for recovery action
with a given budget. Resilience is defined as the ability of a network to cope
with disruption via its topological and operational attributes. Miller-Hooks et al.
[2012] extend this work by including preparedness actions that can provide increased
recovery capability and increased coping capacity. Chen and Miller-Hooks [2012]
omitted preparedness actions in order to decompose the problem into independent
deterministic subproblems.
Huang et al. [2011] comprise forecasting decisions, propose a decision model based
on an optimization model and an improved depth-first search method. Chen and
Miller-Hooks [2012] design a framework employing Benders’ decomposition, column
generation, and Monte Carlo simulation, and Miller-Hooks et al. [2012] present an
integer L-shaped method and Monte Carlo simulation to solve this problem. Although
all these three groups test their models on small instances, they provide interesting
results. For instance, both Chen and Miller-Hooks [2012] and Miller-Hooks et al.
[2012] indicate that competing measures such as reliability and flexibility that do
not consider recovery actions may underestimate the network’s ability to cope with
unexpected events. In fact, a network may not be very reliable or flexible, but may
be resilient or may be reliable or flexible, but not sufficiently resilient. Moreover, the
maximum resilience is obtained from taking both preparedness and recovery options,
and the more the budget is spent on preparedness options, the greater the benefits
would be.
Disruptions are usually dealt with at the operational level, treated by the costly last
minute solutions. However, the impact of a disruptive event and its aftermaths on
the performance of a multimodal transportation system is dramatic and might result
in the complete failure, especially in a large-scale international scope. Reflecting
reliability and resilience into the tactical planning shows great improvement in the
operations, implying that designing suitable pre-disaster and post-disaster actions
requires further attention.
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A key element in tactical transportation planning is the role of the decision
makers. The collaboration or competition of carriers influence the service level, the
synchronization, and the system performance. In practice, an independent party
manages each hub and leg of a multimodal transportation network. In the presence of
their cooperation, for instance, a terminal operating company receives the information
on the arrival of a ship or trains early enough to plan the necessary unloading,
transshipment and loading tasks. In addition, the cooperating carriers can react
to disruptions faster, using vehicles, modes, and resources of each other. Puettmann
and Stadtler [2010] test the idea that collaboration reduces the operational costs on
a chain with one multimodal operator and two carriers responsible for pre-haul and
end-haul drayage. In their scheme, the three parties do not exchange any information
and plan their own operations, however they iteratively exchange proposals and their
cost effects are compared to the solution without coordination. Due to the time lag
between the departure and arrival of orders, they include stochastic demand in their
scheme, which calls for adaptation of plans. The authors present three models for
the proposal generation for the involved parties and use a scenario tree generation
to quantify the expected gain of coordination. At the end, they conclude that
transportation parties can significantly reduce in operational costs by collaboration.
From a different point of view and motivated by a Belgian barge transportation
network, Caris et al. [2012] study a SND problem focusing on cooperation of inland
terminals and line bundling. They define different cooperation scenarios and analyze
them by means of simulation. The authors conclude that given the current transport
volumes, more bundling opportunities may be created by reducing the number of
departures or setting up a truck collection/distribution network. However, reducing
the number of departures may lead to less service offered to customers. This can be
solved by more cooperation between inland terminals to attain economies of scale and
to reduce maximum waiting times for inland barges at sea terminals.
In SND problems, the individual role of the stakeholders is usually ignored and it is
assumed that the whole transportation system is managed by a central party (namely
multimodal operator). While in practice, each company has its own goal and policies,
and shares limited data with others. Furthermore, these companies are competing
with each other, keeping the market dynamic and vibrant. Inclusion of cooperation
and competition in tactical planning problems merit more research.
Multimodal transportation service network design is in practice a complex problem
with thousands of variables and constraints. With better study of the problem
structure and design of smarter solution algorithms, it should be possible to derive
more accurate solutions in less computational time.
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Operational Planning Problems

On operational planning level, we still look for the best choice of services and
associated transportation modes, best itineraries and allocation of resources to the
demand. However, we need to answer the real-time requirements of all multimodal
operators, carriers and shippers. Operational planning deals with dynamicity and
stochasticity that are not explicitly addressed at strategic and tactical levels. These
characteristics make operational planning problems remarkably complex. Hence,
designing accurate and fast solution algorithms is then essential. Table 2.2 and
Figure 2.3 provide a structured view of the literature addressing operational planning
problems.
These problems relate to real-time planning for orders, and reaction and adjustment to
any kind of disturbance (e.g. accidents, weather changes, or equipment breakdowns).
Most of these system elements vary with time and show a non-deterministic behavior.
Current decisions depend on both the present information and an estimation of the
future, and the objective is not only to minimize the costs, but also to maximize
reliability of the system. Table 2.2 and Figure 2.3 review the relating little work that
has been carried out on operational planning problems.
In order to discuss the different problems, models and solution methodologies,
we group the operational planning literature under two main topics: resource
management and itinerary replanning. Resource Management problems deal with
the distribution of all resources throughout the network: positioning, repositioning,
storing, and allocating them to customer orders. Itinerary Replanning problems are
focused on real-time optimization of schedules, modal routes, and relevant response
to operational disturbance. Resource management and itinerary replanning problems
are in practice intertwined and act as two components of a bigger operational planning
problem. In the followings, for each group, we discuss the recent developments on
modeling and solution methods.
Resource management are problems on how and when to optimally utilize the limited
available resources. Some examples of these resources are vehicles (e.g. planes and
trucks), trailers, rail cars, locomotives, containers, equipments, crew, power, etc. Once
a resource is allocated to an activity, it is no longer available for certain duration.
Moreover, when it becomes available again, it is often at a different location where it
is not needed [Crainic, 2003]. Empty loading unit repositioning and fleet management
problems are more specific variants of resource management problems.
In empty loading unit repositioning, there is a set of empty and reusable loading units
that should be shipped back from the location they are emptied to the locations
they are needed. These loading units do not directly incorporate in the profit of
transportation, but guarantee requested service level. In empty repositioning problem,
future customer demand is unknown and the objective function is to minimize empty
transportation plus storage costs, stockout costs, and in some cases, substitution costs.
These problems are usually modeled as NFP problems with continuous variables to
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represent the movement of the loading units. In the literature, Erera et al. [2005]
compare a base repositioning strategy (a current state-of-the-practice) with three
alternative strategies which integrate the repositioning and routing of the containers
simultaneously. These three strategies are weekly, bounded daily, and unbounded
daily repositioning. Erera et al. [2005] compare these strategies on a network with 10
ports and 900 orders and up to 1000 containers. They show that the proper timing
of repositioning is more important than deciding on the number of containers to be
repositioned, and unbounded daily repositioning in overall is the best strategy.
Chang et al. [2008] investigate the substitution between containers of different types
and its interchange cost reduction. Container substitution is defined as fulfilling
the requests of one type of container with another type. In their paper, street-turn
and depot-direct movement are allowed; therefore, empty containers can directly be
transported among customers without passing through the terminals. They show that
with substitution, port trips can be reduced by 70% and transportation costs from
4% to 47%.
Braekers et al. [2013] show that shipping lines may reduce costs by simultaneously
planning barge services and empty container repositioning movements instead of
planning empty container repositioning movements in a post-optimization phase.
These abovementioned papers exclusively study empty repositioning of loading units.
However, none of them takes uncertainty or disruption (at locations or on the routes)
into account. Di Francesco et al. [2013] study the effect of partial or complete port
disruption in empty container repositioning in a liner shipping system. They model
it as a time-space representation and consider a set of different disruption scenarios.
They also include some non-anticipativity conditions to equalize the here-and-now
decision variables over all scenarios. Di Francesco et al. [2013] test all combinations
of a problem including 5 locations (2 hubs), a 50 period rolling horizon scheme, 2
(normal and disrupted) scenarios, and 2000 customer orders. They show that in case
of a normal scenario, the optimal deterministic solutions are the best, but in case of a
disruption, the multi-scenario model produces the most effective results. Di Francesco
et al. [2013] show their model is able to handle 12 disruption scenarios with up to 20
locations in less than one hour.
In order to solve empty repositioning problems, different heuristics have been applied
as the solution methodologies. Chang et al. [2008] test their Branch-and-Bound
(B&B) heuristic on a transportation systems with 12 consignees and 8 shippers, 2
local container depots and 1 container terminal, and up to 985 containers. Bandeira
et al. [2009] implement decomposition and prioritization approaches on a 4 depot
case with 4 to 8 clients. They test and analyze the performance for different sizes
of container fleet from 48 to 216 containers. Their computational time ranges from
9 to 8800 CPU seconds. Bandeira et al. [2009] show that the suitable number of
containers is highly dependent on the system parameters, and uncertainty makes the
decision more difficult. For an integrated forward and backward planning of container
fleet, Song and Dong [2012] analyze their shortest-path algorithm on two small and
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medium sized instances with 8 and 24 locations, 24 vessels, and 80000 containers.
Their solution method in both cases provides better performance compared to the
state-of-the-practice method, and the heuristic is only 3.3% worse than the exact
algorithm in solving the small sized case. Even though it takes almost triple of
computational time compared to the practice, in less than one hour the proposed
heuristic provides a solution 89% better than the state-of-the-practice.
In addition to planning the allocation and positioning of empty loading units, the
allocation and positioning of the operating fleet is also important but hard. In Fleet
Management, there is a limited set of vehicles with limited capacity and the problem
is to optimally allocate the capacity of this fleet to the random future orders, or
allocating the vehicles to defined services, in order to maximize net profit. These
problems also include decisions of repositioning empty vehicles, transshipment, and
many others. Overall, in both variants of resource management problems, balancing
the distribution of resources is the core of these highly dynamic problems.
The early well-known approaches modeling dynamicity were the space-time representations where the stochastic and time-dependent version is decomposed into
with space and time indexed subproblems, and the impact of the current decision
on the future is assessed by value functions. Due to the high number of possible
load realizations, realistic problem sizes, and integrality requirements, Benders’
decomposition and general stochastic techniques such as scenario-based methods or
dynamic programming seem not feasible for computing the value functions arising
from practice. Therefore, most of the stochastic fleet management models revolve
around the idea of approximating the value function in a tractable manner. This
class of problems has been well studied but is still under further developments.

Figure 2.4 ADP solves sequences of smaller subproblems. (Left) A typical space-time
network used in dynamic resource allocation; (Right) Some smaller subproblems. We
need an approximation to capture the impact of present decisions on the future. [Powell,
2008]

Topaloglu and Powell [2005, 2006, 2007] are some of the recent examples of fleet
management problems modeled as Approximate Dynamic Programming (ADP).
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Figure 2.4 gives an illustration of the essence of ADP problems. These studies
offer a nice framework for modeling and solving a variety of real world problems,
especially those including time windows or labor restrictions, by addressing them
at the level of the local subproblem. Topaloglu and Powell [2006] extend previous
works on ADP models for fleet management to include heterogeneous resources and
substitution among them. Their method uses a hybrid of linear and piecewise-linear
approximations of the value function. Topaloglu and Powell [2007] develop sensitivity
analysis methods for a stochastic dynamic fleet management model to compute the
change in the objective value in response to changes in fleet size and load availability.
Topaloglu and Powell [2005] extend the dynamic resource allocation problem to a
distributed decision-making case. They use nonlinear functional approximation to
model the coordination of actions of different agents.
Basically, simulation and approximation are used as solution methodologies.
Topaloglu and Powell [2005] solve instances with 20 locations, 200 vehicle, and up
to 6000 orders, and claim that in the deterministic version of the problem, the
solutions are near-optimal, but in the stochastic version with random demands,
centralized decision making is slightly more effective than distributed decision making.
Topaloglu and Powell [2006] model and solve the problem with up to 60 locations,
600 vehicles, and 4000 orders. The hybrid value function seems to perform the best
in the deterministic case, while a piecewise linear value function provides the best
solutions in the stochastic case. Topaloglu and Powell [2007] propose an approach
which does not need multiple simulations with different values of the model parameter
which is an important advantage. They decompose their dynamic program into
time-staged sub-problems and by using an iterative improvement scheme; the value
function is obtained with approximation. These tests are done on problem sets with
40 locations, 200 vehicles, and up to 3000 orders during their planning horizon.
Topaloglu and Powell [2007] implement this procedure first for single vehicle type
and then extend it to the multiple vehicle type problem. Shi et al. [2014] transform
their dynamic fleet management problem with uncertain demand and customer
chosen service levels into a dynamic network with partially dependent random arc
capacities, and then decompose the network recourse into a series of tree resource
problems. Overall, ADP with good approximation of value function stands strong
in solving fleet management problems with realistic sizes. Bouzaiene-Ayari et al.
[2014] propose an ADP framework for a rail fleet sizing and routing problem, with
a streamlined single commodity model, a more detailed multicommodity model, and
a multiattribute model. They show that ADP is much faster than a state-of-the-art
Integer Programming (IP) solver, and can provide solutions for large and complicated
problems with several stochastic elements.
The itinerary replanning problems form the second group of operational planning
problems. They are concerned with optimally responding to real-time system
evolution, to maximize the service quality and therefore the marginal profit. Here,
the notion of a planned solution does not make sense and the whole operation should
continuously react and adapt in real-time [Crainic, 2003]. The updating procedure,
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its accuracy and speed have a major influence on the efficient performance. Moreover,
a single model or a solution approach no longer is capable of handling these complex
problems. As such, there is a need to employ combinations of approaches, not only
from the OR area, but also decision-making and computational sciences. van Heeswijk
et al. [2016] study a real-time multimodal transportation planning where a “best kroute” generating heuristic is used to find routes for each arriving orders, and a
consolidation heuristic is called to find the best re-consolidation option for this order
among the previously planned orders.
There is no doubt that ICT as well as tracking technologies such as RFID opened up
many opportunities for carriers and shippers for a better trade. Crainic et al. [2009]
and Caris et al. gives an overview of different developments and current technological
challenges in Intelligent Transportation Systems (ITS), both in hardware and software
platforms. ITS delivers precise information in matter of seconds, hence significantly
reduces the uncertainty at the terminals and for the next carriers of the loads [Crainic
et al., 2009]. Most of the developments in this regard have been hardware-driven, and
more efforts are still needed to model and solve multimodal transportation planning
problems under real-time information in an integrated chain [Crainic et al., 2009, Caris
et al.]. Zuidwijk and Veenstra [2014] is an example where the value of information
is quantified when choosing modes of transport. They construct Pareto frontiers and
discuss the value of information is terms of efficiency and reliability. The Pareto
frontier decisions range from decisions where a barge is deployed at a very late stage
to reduce costs while accepting a low level of reliability, to decisions where containers
are planned for truck transportation to enhance reliability while accepting higher
costs [Zuidwijk and Veenstra, 2014].
In the recent literature, Bock [2010] and Goel [2010] address the real-time issues
into their models. Bock [2010] introduces a real-time-oriented control approach for
efficient consolidation, transshipment, and dynamic handling of disturbances such
as vehicle breakdown and accidents. Partial or total outsourcing of transportation
services is also allowed and rest times for truck drivers are enforced. There are two
different plans for dynamic update handling, namely, the relevant and the theoretical
plans. When the execution of the relevant plan takes place, at an adaptation phase,
generated future modifications are tested with the theoretical plan and based on
future decisions. This approach works in a rolling horizon fashion. The simulation
produces a future temporary optimization problem which solutions determine the next
transportation paths of each request and vehicle at the end of current time interval.
From a different perspective, Goel [2010] studies the value of utilizing RFID
technology and visibility over shipments throughout a multimodal transportation
network of road and fixed-scheduled rail, with variable transit times. In this network,
there are two decision-makers: a transport manager responsible for planning the
shipments, and a terminal operator responsible for dealing with unforeseen deviations.
If the manager does not see the deviations in time and adjust accordingly, the terminal
operator must then decide upon the shipment flows. Goel [2010] analyzes four levels
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of visibility, namely, no visibility, daily snapshot, departure/arrival, and checkpoint.
In order to solve these itinerary planning problems, Bock [2010] designs a variable
neighborhood search algorithm and solves generated instances with up to 5600
locations, 372 orders, 399 transshipment locations, and 55 vehicles. He shows that
the exact solutions are outperformed in a real-time environment and a continuous
improvement results in substantial cost reductions. Goel [2010] designs a simulation
heuristic which at each iteration solves a multi-commodity network flow problem
based on the updated information. He compare the defined visibility levels on a small
real-world network of 1 supplier, 3 rail operators with up to 40 trains per operator,
and 3 factories. Goel [2010] concludes that on-time delivery performance can be
significantly improved by increasing the level of visibility.
The number of papers on operational planning is remarkably lower than on the
tactical and the strategic planning problems, opening many opportunities for future
research. We presented the highlights of the recent research. Operational planning
problems are huge, complex and heavily time consuming to solve. Huge sets of data
should be processed and new plans must be produced in matter of minutes or even
seconds. Better approximation, better decomposition of the problem, and tighter
formulations can improve the performance of the DSS. Parallel computation and
algorithms also promise significant improvements in solving huge problems in matter
of both time and efficiency. Moreover, the decision process and its timing might be
also interesting. Usually the decisions are made when the input data has arrived to
the system. For example, it is assumed that the arrival of a ship is announced right
when it arrives to a terminal. Planning the required operations beforehand might
save both computational and execution times.
Moreover, in the operational planning literature, the modal switch is ignored. Assume
that for example, at some point a large volume order arrives, or there is a modal
breakdown. In such a situation, the choice of transportation mode and its operational
costs are worth studying. In addition, no paper has discussed the dynamic allocation
of multi-asset resources. In an international containerized transportation chain,
usually more than one type of loading unit is used. For instance, reusable boxes
or cages are allocated to customer orders, while the containers are allocated to move
these smaller units. Not only repositioning of empty containers is important, but
returning and positioning of empty smaller units is also important. Furthermore,
incorporating transshipment time and capacity in terminals are interesting subjects
in resource management. Regarding empty loading units, it would be interesting to
incorporate inventory and replenishment techniques to the ordering process of these
resources.
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Prospectives

Multimodal transportation has become the key platform for containerized transportation solutions. This chapter presented the recent developments and efforts
on multimodal transportation planning from 2005 onward. In overall, operational
planning issues have been studied less than tactical ones, and many challenges still
remain.
First of all, transportation of time-sensitive products such as perishables require
more study regarding their special transportation structures, policies, and objectives.
Regarding transportation resources, there is a big gap in incorporating
the backward flows into the planning of forward flows. The literature shows
that by integrating the repositioning decisions in the network design, solutions are
significantly more cost efficient and time saving. Moreover, taking dynamicity and
stochasticity of the data into account also remains a major research challenge.
In most papers, it is assumed that the transportation system is centrally managed and
only the requirements of the multimodal operator are taken into account. Obviously,
the interactions and competitions among the carriers influence the execution of the
plans. Their collaboration for example ensures the on-time delivery. Furthermore,
integrating different levels of planning might provide more reliability, flexibility, and
more important sustainability, generating more efficient solutions for the industry.
For both planning levels, due to the complexity of the problems, solving them is still
a challenge in itself. Decomposition and relaxation techniques are used extensively.
Branch-and-Cut algorithms provide a flexible platform to include many properties
of network design problems, and with smart exploitation of the problem structure,
finding stronger bounds and cuts, it is possible to push the size limits and solve
more realistic problems. Among the metaheuristic algorithms, the family of Tabu
search heuristics was used most. This fact leaves a great opportunity to study
other families of metaheuristic algorithms and compare their performance,
especially in solving realistic problem sizes.
In this chapter, the different terminologies used in practice - multimodality, intermodality, co-modality, and synchromodality - were also discussed. The latter two
have not received any attention from the OR community. However by looking at
their definition, synchromodality seems to be very appealing for the flexibility and
efficiency it envisions. It offers a better utilization of transportation modes and
resources, a better consolidation of loads, flexibility and freedom to switch modes,
and synchronization of the services. These terms are in fact the essence of optimized
multimodal transportation planning which needs to take many practical aspects into
account such as the collaboration of the administrative bodies, uncertainty, traffic
at terminals or en route, resource limitations and modal capacities. To conclude,
despite the fact that the research in the area of multimodal transportation planning
has accelerated, we believe that this outline and review gives ample new research
directions for future study.
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The following chapters of this thesis build upon and adds to this literature by studying
the multimodal transportation planning for perishable product industries with their
own characteristics and complexities.
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Part II

Tactical Planning

Chapter 3

A MIP for Multimodal
Long-haul Transportation of
Perishable Products with
Empty Repositioning
The transportation planning problems studied in this thesis are grouped into
tactical and operational planning problems. The current chapter aims to frame
the tactical planning problem, its elements and structure. Such a problem is an
extension to the classic Fixed-charge Capacitated Multicommodity Network Flow
Problem (FCMNFP), where additional sets of constraints related to product quality
preservation and management of Returnable Transport Items (RTIs), are added to
these problems. Due to complexity of this problem however, in this chapter, only one
size of RTI is included. Section 3.1 gives a comprehensive description of this problem,
and Section 3.2 recalls the relevant literature. Sections 3.3, and 3.4 provide the
modeling approaches, and the mathematical formulation which is tested and solved
by a state-of-the-art solver in Section 3.5. Finally, in Section 3.6, some concluding
remarks are provided.

3.1

Problem Description

Tactical planning deals with utilizing a given transportation infrastructure by
choosing the best services and associated transportation modes, efficient allocation
of their capacities to customer orders, and management of all resources involved. On
tactical planning level, information on availability of resources, customer demand,
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Figure 3.1 The tactical planning problem for a perishable transportation system

and service costs are usually aggregate, and the tactical solutions give insights to the
planners and operators on how to efficiently utilize the available fleet and resources for
a particular time span or horizon. This planning horizon can be one week, one month,
one season, etc. Figure 3.1 illustrates the tactical planning problem of multimodal
long-haul transportation of perishable products, showing its inputs, output, decisions,
objective function, and its constraints.
The main decisions are the flows of products (customer demand), the repositioning of
RTIs, and the selection of transport modes and schedules to do them. To further
explore these decisions and the constraints applied on them, it is necessary to
understand the role that RTIs play in the transportation, and how customer demand
is defined into the system.
Returnable Transport Items (RTIs), being the loading units used for transportation,
are the key elements to model this problem, and the main decisions are defined on
their “flow” throughout the network. Their number throughout the network is limited
and their flow is subjected to strict resource balance constraints. For instance, the
number of RTIs available at the beginning of the planning horizon should be equal
to their number at the end of horizon. The initial number of RTIs however is given,
and its value is not a decision. There are three reasons making RTI management
different from managing the fleet of vehicles which has been widely studied in the
literature. First, the number of RTIs (e.g. cages, Dense fusters, staple wagons,
trolleys) around the network is usually much larger than the number of vehicles (e.g.
trucks). Consequently, indexing an RTI in the modeling like how it is done for vehicles,
would result in an enormous intractable model. Furthermore, if there is more than
one storage center for the empty RTIs, it is usually not important to return an RTI to
the same location where it was loaded. In general, vehicles need to return to the same
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location they started their travel, while the only requirement for RTI management
is, for instance, to have as many RTIs at the end of a planning horizon as there was
at the beginning. In other words, RTIs are anonymous. These reasons make RTI
management unique.
Demand is here represented by orders. An order is characterized by its pair of
origin and destination locations, its volume, its pickup and delivery schedules, and
its freshness requirements. Since RTIs are the loading units used to transport the
products, the order volume shows the number of RTIs (e.g. 2 trolleys) needed to
transport products from the origin to the destination. The products can be picked
up and loaded onto the RTIs at an earliest given time, and should be delivered to the
destination and unloaded at an latest given time. These schedules are not definite
though, and as long as the order is transported within the length of this schedule,
its flow is feasible. For instance, an order might be held for a few hours at its
origin location before it is loaded and transported. Besides management of RTIs, the
other factor adding extra complexity to this problem is preserving product quality
and delivering the desired freshness to its market. Perishable products lose their value
over time, and due to geographic distances between production sites and final markets,
preserving product quality is a determining factor in all transportation decisions.
However, measuring and controlling the health of products are not straightforward. In
the horticultural supply chain of the Netherlands, product freshness is approximated
by a Time Temperature Sum (TTS) measure, and a maximum limit is enforced on
TTS of orders.
Typically, demand in a FCMNFP problem is defined as commodities, and the only
flow decision is defined on their routing throughout the network. However, in this
problem, there are three types of flow decisions:
1. laden flow decisions for loaded RTIs that are transporting the products,
2. assign flow decisions for empty RTIs that are repositioned from a location with
surplus of RTIs, to the origin locations of orders to be assigned to their transport,
3. repos flow decisions for empty RTIs that are repositioned from the destination
locations of orders back to the storage locations with RTI shortage.
Both assign and repos flow decisions are about empty RTIs, however, for modeling
purpose, they are defined separate. This separation though does not increase the
complexity of the problem.
In order to transport full and empty RTIs, from the available fleet of different
transportation modes, the modes and schedules doing the job, should be decided.
These decisions not only include transportation activities, but also include handling
and holding activities. All transport modes and all hub locations have given
temperatures, which are included in computing the quality measure. Note that the
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temperature of a mode shows for example, the temperature inside a truck trailer, a
train car, or a barge storage room.
About the multimodal transportation fleet, each transport mode has given schedules,
and its vehicles operate based on these schedules (e.g. trains depart from a hub
location every 6 hour). Moreover, vehicles of a transport mode are capacitated (here,
based on RTIs), and there are limited number of vehicles available for each transport
mode. These restrictions make the planning problem more complex and have major
influence on transporting the RTIs.
Objective functions of tactical planning problems can have different forms, depending
on the planner’s choice of performance indicators. These indicators can be financial, or
defined based on customer satisfaction measures, etc [Parmenter, 2007]. In perishable
industries for instance, as described earlier, maximizing the freshness of delivered
products or minimizing the number of perished products at delivery, can be an
objective function. In the majority of planning problems though, financial indicators
are used. In this thesis, operational costs are the key indicators, and the objective
function of this problem is to minimize the total system costs. Costs of renting a truck
or reserving space (capacity) on a freight train, costs of handling (loading, unloading,
or transshipping) products or RTIs, costs of storing them, administrative costs of these
operations, etc., are examples of operational costs in such a transportation system.
If there are defined penalties on failing to provide customers’ requested product
freshness, they can also be added to the objective function. In the horticultural sector
of the Netherlands though, the product freshness constraint is strict and no perished
product at delivery is accepted. This constraint can be translated into enforcing
infinite penalty costs on the perished products.

3.2

Related Literature

Section 1.2 discussed the literature of long-haul transportation of perishable products.
Reis and Leal [2015] propose a MIP model for a soybean shipping chain planning
problem where choice of transportation mode is included in the model besides
decisions for annual crop purchase. Since their real-world application deals with
significant uncertainty related to crop production, they define several combinations of
scenarios for this uncertainty and apply their MIP model to each scenario in order to
give insights to their decision makers. Bortolini et al. [2016] propose a tri-objective LP
for tactical planning of a food distribution network considering operating cost, carbon
footprint and delivery time goals. They apply their tool to a real-world distribution
case and show the trade-off between the operational costs and the carbon footprint.
This chapter adds to this literature by incorporating management of resources, here
RTIs, which is missing in Reis and Leal [2015] and Bortolini et al. [2016].
On multimodal freight transportation in general, Section 2.2 provided an overview
on the recent tactical planning modeling and solution design advances. Optimal
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tactical solutions comprise the optimal and timely utilization and operation of its
resources, called assets. Assets can be RTIs, vehicles, crews, power units, engines, etc.,
and positioning, balancing, allocating, repositioning, and rotation of assets are the
subject of asset management. Repositioning of vehicles has been widely investigated
in the literature, mostly addressed as Service Network Design (SND) problems, and
examples are Pedersen et al. [2009], Andersen et al. [2009a], Andersen et al. [2009b],
and Andersen et al. [2011], Li et al. [2016], and Demir et al. [2015].
The number of studies managing loading units such as RTIs is very limited. Braekers
et al. [2013] and Meng and Wang [2011] are the two examples found in the literature
where empty container repositioning is included into liner shipping service design.
However, in both papers, the repositioning orders are given and pre-defined, and
can be treated as additional customer orders besides the usual ones. From another
perspective, Choong et al. [2002] model the flow of owned and leased empty containers
on barges, investigate 15-day and 30-day planning horizons. Choong et al. [2002]
however do not study the integration of empty repositioning and forward flow of
products. The current chapter adds to the literature of FCMNFP problems by
including RTI management decisions. In the next section, the modeling approach
is described in detail.

3.3

Modeling Approach

In modeling this problem, first, two main elements need to be explored: 1) the
structure of network and its resources, and 2) evaluating and incorporating product
quality. Appendix B provides a summary of all notations used.

3.3.1

Mode-Space-Time Network Representation

The physical transportation network is characterized by nodes i ∈ N representing
the hub locations, and the arcs (i, j) representing different routes connecting these
locations. Between each location pair, at least one transportation mode m ∈
{1, . . . , M} can operate. Truck, train, and barge are examples of possible modes.
In order to include all activities such as handling and holding operations into the
model, the physical network is transformed into a mode-space-time representation.
First, the time horizon T (e.g. 48 hours) is divided into a set of time periods t =
1, . . . , T (e.g. an hour), and the physical network is mapped in both time and space.
Each node in such a network represents a location at a time period. Of course, time
has a continuous nature, and discretizing it is not the only modeling approach. In
continuous-time models, modeling the precedence of loading, unloading, transporting,
and other activities, and their scheduling synchronization is difficult, especially in the
context of multimodal transportation, where some modes such as trains and barges
have their own timetables. In comparison, in discrete-time models, if t is really small
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compared to T (e.g. t has a length of one minute and T is a month), the size of the
network will be too large to handle for any MIP solver. However, in this problem,
length of activities are usually aggregated to e.g. hourly scales, and the time variable
in the product freshness measure is not continuous. Therefore, in this thesis, the time
dimension was discretized.
Afterwards, the space-time mapping is furthermore copied M + 1 times, where each
node v ∈ V in this new network represents a location i ∈ N at a time t ∈ {1, . . . , T }
period on a mode m ∈ {1, . . . , M + 1}. Layers m = 1, . . . , M can accommodate
all transport activities, whether with fixed timetables or flexible, but the extra layer
of m = M + 1, here called holding mode H, is added to represent the handling
and holding activities. Figure 3.2 gives an illustration of a simple mode-space-time
network with 3 locations, 16 time periods, and 2 modes. In this example, a feasible
flow itinerary for an order from location 1 to location 3 with PT of 5 and DT of 9 is
shown. All empty RTIs are kept at location 2, and at the end of planning horizon,
their total number should be equal to their initial number. For the order, the needed
RTIs are first loaded to vehicles of mode 2, transported from location 2 to location 1,
and unloaded at location 1 at time 4. Then the RTIs are filled and loaded to vehicles
of mode 1, moved to location 3, and unloaded at location 3 at time 7. After unloading
and emptying the RTIs, they are returned to their storage location via mode 2 in a
similar fashion, and are kept for the final 2 consecutive periods.

Figure 3.2 An example of the mode-space-time representation of a flow network problem

The mode-space-time network has the flexibility to accommodate any type of
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multimodal structure. For example, one mode can have a complete network, which is
reasonable for trucks, or have a scheduled incomplete network, such as railways and
waterways where trains and barges are not available for all pairs of locations, and
have their own departure timetables. Therefore, despite having (M + 1) × N × T
number of nodes in the mode-space-time network, the number of arcs is far less than
(M + 1)2 × N 2 × T 2 .
Now, in this mode-space-time network, a feasible arc a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
represents one of the following operations:
(i) a travel arc for traveling between hub locations (i, j), leaving at particular time
t by a particular mode type m1 = m2 = m (Figure 3.3a). Depending on its
m
departure time t, a travel arc has a length of r(i,j),t
.
(ii) a loading/unloading arc for loading RTIs to a particular mode m (or unloading
from it) at a location i = j. A loading arc has a modal state of (m1 , m2 ) =
(H, m) and an unloading arc has a modal state of (m1 , m2 ) = (m, H), and like
(m ,m )
travel arcs, it can have different length of ri,t 1 2 depending on location i and
time t.
(iii) a waiting arc representing the stand-by state of a mode m1 = m2 = m (e.g. for
switching rail tracks at borders, or customs clearance) at a location i = j at
time t. The length of a waiting arc is one.
(iv) a holding arc for holding RTIs at a location i = j at time t for one time period.

(a) Travel arcs connecting different (b) Location arcs representing locanodes
tion operations
Figure 3.3 An illustration of different arcs in the model

Since the last three activities occur at the locations, the arcs representing them are
called location arcs (Figure 3.3b). Therefore, let A1 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) |
i 6= j, m1 = m2 } be the set of all feasible and given travel arcs in the mode-space-time
network, and let A2 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | i = j, m1 = H k m2 = H} be the
set of all feasible location arcs in the network. Similarly, let Am = {a(i,j),t,(m1 ,m2 ) ∈
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A(V × V) | m1 = H k m2 = H} be the set of all feasible loading, unloading, traveling,
and waiting arcs in the network related to mode m.

3.3.2

Modeling Quality Preservation

Modeling quality and evaluating the shelf life are not straightforward. There is
no standard model, showing how product quality changes over the course of its
transportation. There are various physical, chemical, and biological factors involved.
Most perishable industries resort to simple rules of thumb, based on e.g. color, smell,
weight, etc., and define quality classes, and by experience, label products in the
relevant classes.
In practice, quality is translated as how much customers are willing to pay for it.
This value also depends on the type of product, the market it is sold to, seasonality,
etc., and it is not computed easily. Customers’ desired freshness (e.g. how much a
rose bud is open, or how mature a cheese product is) has different prices in different
markets.
Shelf life of a product is the length of time after which products are perished and have
no value. In modeling product quality, if product value is constant over its shelf life,
e.g. for blood [Doerner et al., 2008], quality preservation is modeled as a constraint.
Otherwise, a product quality loss function is defined and relevant penalties for quality
decrease is added to the main objective function of the planning problem [Ahumada
and Villalobos, 2011, Hsu et al., 2007].
As reviewed in Section 1.2, the literature hardly includes temperature conditions in
the quality control modeling. In horticultural industry of the Netherlands, product
freshness is approximated by a Time Temperature Sum (TTS) measure. TTS is
a measure used in some industries representing the total time that products can be
transported in different temperature regimes [Sloof and Everest, 2001, Taoukis, 2001].
For instance, if a loaded RTI is moved on a train for 5 hours and the temperature
inside the train is 10 degree Celsius, the TTS of this travel is 50, and a maximum
allowed TTS (e.g. 200 hour-degree) is enforced for each order. This limitation is
added to the model via a new set of constraints. In the remainder of this section, the
MIP is presented.

3.4

Mathematical Model

In this section, the mathematical formulation for the multimodal network flow
problem with product quality preservation and management of RTIs is explained.
Section 3.3.1 discussed about why continuous modeling approach is not used in this
thesis. In the literature of FCMNFP problems, there are three types of discrete
formulations:
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 arc-based formulations, where asset-related decision variables are defined on
network arcs,
 path-based formulations, where asset-related decision variables are defined on
network paths,
 cycle-based formulations, where assets have cyclic paths, and their related
decision variables are defined on cycles.

Cycle-based formulations are suitable for service network design problem, where
services are cyclic and there are design-balanced constraints in the problem. Here,
services are not owned by the planner, therefore, cycle-based formulations are not
useful.
In path-based formulations, the set of all possible paths between each pair of nodes
in the mode-space-time model are generated, adding new variables and constraints to
the formulations. Path-based formulations might outperform arc-based formulations
[Andersen et al., 2009b], but in this research, the number of modes and their fixed
schedules over the length of the planning horizon, exponentially increase the size
and the computing efforts of generating this set. of this set. Therefore, arc-based
formulation is used in this research.
An order p is characterized by its origin O(p), its destination D(p), volume wp , an
earliest pickup time of P T (p), a latest delivery due date of DT (p), and the maximum
allowed TTS of Lp .
Each transport mode m ∈ {1, . . . , M} has its given schedules, its speed speedm ,
vehicle capacity capm , total F m number of available vehicles, and a temperature lm .
In this problem, costs associated with each transport mode are the fixed costs of using
m
a vehicle (or its available capacity) C m , and the variable costs of Claden
per loaded
m
RTI per time period, and Cempty per empty RTI per time period.
Each location i is assumed to have a temperature li,t at time t, and a unit holding
cost of Cihold per RTI. Moreover, each location i is assumed to have Si ≥ 0 number
of RTIs available at the beginning of the planning horizon, and the number of RTIs
(m ,m )
at the end of horizon should be equal to the initial value of Si . Let Ci 1 2 be the
general term for loading, unloading, and holding costs per RTI per time period, which
are enforced on the location arcs.
As described earlier, for each order p, there are three flow decisions in this problem:
laden, assign, and repos flow decisions. In this mode-space-time network, for each
flow decision, two sets of decision variables are defined: 1) x̌ to show how many RTIs
enter an arc a(i,j),t,(m1 ,m2 ) , and 2) x̂ to show how many RTIs exit the arc. It would
have been easier to model, if an extra index t0 was added to the (i, j), t, (m1 , m2 )
indices, in oder to distinguish the starting and the finishing times of a travel or an
operation, and define only one x variable set. However, this model has in total T /2
times less variables, which reduces the size of the model.

52

Chapter 3. A MIP for Long-haul Transportation of Perishable Products

Similarly, there are two sets of variables y̌ and ŷ to show the number of vehicles
respectively entering and exiting an arc. The auxiliary binary variables b̌ and b̂ are
also added to help calculating TTS.
Three categories of variables U are added to the model to keep track of the inbound
and outbound flows at each location, and to connect the flows of loaded and empty
RTIs throughout the network.
Returning to the example illustrated in Figure 3.2, Figure 3.4 shows the positive x̌
flow variables in the example. Certainly, an equal number of x̂, b̌, and b̂ variables are
positive as well, and their equivalent y̌ and ŷ variables equal to at least 1. Note that
in an example with higher number of orders, if the capacity of vehicles does not allow
for consolidation, y̌ and ŷ might be bigger.

Figure 3.4 Positive flow variables in the example of Figure 3.2

The FCMNFP problem with product quality preservation and empty RTI management is then formulated as follows:
The objective function is in the form of minimizing total system costs, where the
term (3–1a) represent flow costs of the loaded RTIs, the terms of (3–1b) are the flow
costs of the assigned and repositioned empty RTIs respectively, the term (3–1c) shows
locational costs of loaded RTIs, the terms (3–1d) represent locational costs of assigned
and repositioned RTIs, and finally, (3–1e) shows the costs of using the modes.
Constraints (3–2)-(3–7) match pairs of entering and exiting variables, to ensure
network arc connectivity. Constraints (3–8) are flow conservation constraints. These
constraints define variables U as the total network flow (loaded RTIs, assigned empty
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and repositioned empty RTIs) for each order at each location and time period.
min

X

m
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P
X
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2
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Constraint set (3–9) enforces the flow of loaded RTIs (orders) between origin and
destination locations. It enforces the outbound flow of an origin node to be wp and
the inbound flow of a destination node to be −wp . Note that even though Constraints
(3–9) are equality constraints, there is no obligation for an order to immediately be
loaded and transported at its earliest pickup time. In a feasible solution, an order
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might be held for several time periods before loading. Similarly, the delivery due date
of an order is not definite.


 = wp
= −wp

=0

 ≤ Si
assign
= −wp
Upit

0

 = wp
repos
≥ −Si
Upit

0
laden
Upit

i = O(p), t = P T (p)
i = D(p), t = DT (p)
o.w.

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(3–9)

Si > 0, t = 0
i = O(p), t = P T (p)
o.w.

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(3–10)

i = D(p), t = DT (p)
Si > 0, t = T
o.w.

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(3–11)

Constraints (3–10) and (3–11), in a similar fashion enforce the flow of empty RTIs
between origin and destination locations. The origin locations of the assigned empty
RTIs are the RTI storage locations with Si > 0. Their destination locations are the
locations that they are needed to be loaded and transport the products (O(p),PT(p)).
On the other hand, the repositioned empty RTIs need to get back to the storage
locations. Therefore, the locations with Si > 0 are their destinations and their
origin locations are the locations that the loaded RTIs are unloaded (D(p),DT(p)).
Constraint set (3–12) enforces the number of empty RTIs at a storage locations at
the beginning of the planning horizon to to be equal to the number at the end of the
planning horizon.

X

M+1
P
X X

j∈V−{i} m=1 p=1

x̌assign
p,(i,j),0,(m

1 ,m2 )

X

=

M+1
P
X X
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p,(j,i),T,(m

1 ,m2 )

∀i ∈ V : Si > 0

j∈V−{i} m=1 p=1

(3–12)

Constraints (3–13) and (3–14) are logical constraints which are used to calculate the
TTS of orders. Note that M here is the classic “big M” and not the set of modes.
Based on these constraints then, if there is no flow of products on a specific arc
(x̌ = 0), that arc will not be included in the constraint on TTS (b̌ = 0).

x̌laden
p,(i,j),t,(m1 ,m2 ) ≥ b̌p,(i,j),t,(m1 ,m2 )

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . P

(3–13)

x̌laden
p,(i,j),t,(m1 ,m2 ) ≤ Mb̌p,(i,j),t,(m1 ,m2 )

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . P

(3–14)

Based on Constraints (3–13) and (3–14), Constraint set (3–15) states that for each
order, the total time × temperature of moving and handling an order must be less
than or equal to its required TTS.
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Constraint (3–16) is the capacity constraint. The total number of RTIs (laden or
empty) that is moved between i and j at time t should be less than or equal to the
total capacity of y̌ vehicles of mode m transporting them, if that mode is chosen.
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(3–16)

p=1

Let At,m = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | m1 = m, m2 = m, t̃ ≤ t ≤ t̂} be the set of all
arcs of mode m ∈ {1, . . . , M} crossing time period t. Constraint (3–17) then states
that in each time period, the number of used vehicles of a mode type must be less
than or equal to a maximum value F m .

X

y̌(i,j),t,(m1 ,m2 ) ≤ |F m |

a(i,j),t,(m ,m ) ∈At,m
1
2

∀t = 1, . . . , T,
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(3–17)

Finally, Constraints (3–18)-(3–20) define the nature of the variables in the formulation.

cat
x̌cat
p,(i,j),t,(m1 ,m2 ) , x̂p,(i,j),t,(m1 ,m2 ) ≥ 0
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b̌p,(i,j),t,(m1 ,m2 ) , b̂p,(i,j),t,(m1 ,m2 ) ≥ 0

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . P

(3–19)

y̌(i,j),t,(m,m) , ŷ(i,j),t,(m,m) ∈ N

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V)

(3–20)

Constraints (3–10), and (3–11) and their related flow conservation constraints are new
to the literature of FCMNFP problems. Constraints (3–13), (3–14), and (3–15) which
represent product quality requirements are also new to the literature of FCMNFP
problems. In the next section, this formulation is tested on a number of instances
and its sensitivity to different parameter settings is analyzed.
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Numerical Experiments

In this section, the proposed formulation presented in Section 3.4 is verified on
different instances, the tactic used to strengthen and to speed up the computation is
explained, and then some practical insight is given. All instances are solved on a 2.4
GHz CPU with 8.00 GB RAM, and Gurobi solver 6.5.0 is used as the MIP solver.
The instances are run for a maximum time of 10 hours.

3.5.1

Instance Sets

The instance sets used in this thesis are extracted from the transportation of
horticultural products on the Trans-European Transport Network (TEN-T) [Tosi,
2014, Verhoeven, 2014, Vlassak, 2014, Rosenboom, 2014]. However, the number of
locations, the number of product types and the RTIs involved are enormous. To be
able to test the model, the real network is aggregated to have only 20 hubs (Figure
3.5), where two of them are inbound hubs and the rest are outbound hubs. Inbound
hubs are locations where the products come from all around the world to get sold,
sorted, and consolidated for the shipments. The outbound hubs on the other hand are
locations that the shipments are divided and packaged for the last-mile distribution.
The instance are categorized in three groups of 7, 11, and 20 locations, where the first
group only includes only the hubs in the Netherlands, the second group includes the
hubs in the Netherlands, Belgium and Luxemburg, and the third group includes all
hubs.
Regarding the transportation modes, there are three classes of truck, train, and
barge transportation. Tables 3.1 gives the parameter setting for the modes. These
numbers have been extracted from company documents and annual EU reports on
transportation. As explained in Chapter 1, multimodal transportation is increasing,
therefore, for the initial experiments, the multimodal network is assumed to be
complete, in order to see what modes are utilized in a restriction-free system. Later,
these are compared with the case of a real-world network. In this table, F m and
capm show the maximum number of available vehicles and their capacity for each
mode type. lm is the given temperature for each mode type based on degree Celsius.
f req m shows that after how many hours, the next vehicle of each mode type departs,
which is used as their fixed schedules. speedm shows the average speed of each vehicle
m
m
based on Km/Hr. Assuming Euro as the currency,C m , Claden
, and Cempty
are fixed
costs of using a vehicle, variable costs of transporting full RTIs per hour, and variable
costs of transporting empty RTIs per hour, respectively.
Without loss of generality, and by observing the practice, it is assumed that the
empty RTIs in this network are stored at the inbound hubs. Due to the fact that the
repositioning of medium-sized RTIs (e.g. cages, Dense fusters, staple wagons, trolleys)
are critical in the horticultural chain, the chosen RTI will be the medium-sized RTI.
Therefore, all numbers such as the number of RTIs in an order, the capacity of modes
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Figure 3.5 The horticultural network of hubs around the Europe; the white squares show
the inbound hubs, and the red circles represent the outbound hubs

Table 3.1 Transportation mode inputs
m
Truck services
Train services
Barge services

Fm

capm

lm

f req m

speedm

m
Cfix

Cfmull

200
100
100

22
1760
704

5
5
5

1
6
2

65.00
32.50
18.52

136.34
179.37
118.04

6.412
0.025
0.008

m
Cempty

2.849
0.011
0.004

per RTI, etc. are based on medium-sized RTIs. In this chapter, each inbound hub is
assumed to have 12000 empty RTIs.
Finally, in order to generate the set of orders, a simple algorithm first randomly picks
an origin from the inbound hubs, a destination from the outbound hubs, and the
order volume based on the demand information of the horticultural chain for each
destination. Then, assuming the time horizon to be 48 or 72 hours, it randomly
chooses the pickup time of the order. In the horticultural chain, customers demand
12-hour, 24-hour, or 48-hour delivery service, therefore, delivery time of the orders
are chosen based on this scheme and by looking at the distances, the TTS (which is
assumed to be 200), and the time that it takes to procure the needed empty RTIs
and transport them to the origin, and the time needed to reposition them.
The instances are named as “nAmBtCoD” where value of A shows the number
of locations, value of B is the number of mode types, value of C is the planning
horizon, and value of D stands for the number of orders. In the following sections,
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computational results and some sensitivity analysis are presented.

3.5.2

Computational Strengthening

Balakrishnan et al. [1997] have shown that the fixed-charge capacitated network design
problem is NP-hard. This problem incorporates additional product preservation and
resource management decisions and constraints which add further complexity to the
problem. The number of decision variables goes very quickly beyond what can be
solved to optimality with a state-of-the-art MIP solver. In the instance n7m1o10,
there are 3222 arcs, and 25776 decision variables with positive cost coefficients in the
objective function. This is already larger than the majority of the existing instances in
the FCMNFP literature. Keeping all the matrices can cost a huge amount of memory.
To deal with huge matrices of the parameters and variables that are extremely sparse,
and to decrease the memory consumption of Gurobi, the so-called “colt”1 library is
used to replace the standard matrix format with a sparse one. Colt libraries are a set
of JAVA libraries designed for efficient use of scientific and technical data structure
and algorithms, such as in multi-dimensional arrays, Monte Carlo simulations, etc.
In multi-dimensional matrices for instance, it helps structuring the data such that its
memory consumption is minimized.

3.5.3

Results

Tables 3.2 gives an overview of the results, including the obtained upper bounds
within 10 hours, the optimality gap, and some statistics on the multimodal fleet.
As shown in the table, Gurobi solver is not able to find the optimal solution of the
majority of instances in 10 hours. In the group of n20, despite using “colt” library,
Gurobi solver runs out of memory either during the construction of the model, or
solving the relaxation of the model. The computation time depends not only on the
number of orders, but on the number of modes and the tightness of delivery times.
Only for three instances with loose time windows, Gurobi was able to find a feasible
solution in ten hours without running out of memory.
In this table, the number of vehicle used for each mode, their average utilization, and
the share of each mode in transporting the total flow in the solution are presented.
Note that the instances with m1 only have truck options, the instances with m2 have
truck and train options, and the instances with m3 have all three modes available.
The objective function presents the total system costs including total fixed costs, costs
of transporting loaded RTIs and costs of repositioning empty ones.
Since the main share of costs belongs to the fixed costs of using the modes, the
combination of fleet and the number of vehicles for each transportation mode is
1 http://acs.lbl.gov/software/colt/
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Table 3.2 Initial results
Exact (10 Hours)
o

Upper
Bound

Gap
(%)

Number of Vehicles

Comp.
Time
Truck
(seconds)

n

m t

n7
n7
n7
n7
n7
n7
n7
n7
n7
n7
n7

m1 t48 o10
m2 t48 o10
m3 t48 o10
m1 t48 o25
m2 t48 o25
m3 t48 o25
m1 t48 o50
m2 t48 o50
m3 t48 o50
m3 t48 o100
m3 t48 o200

55167
1378b
13264
131248
31112
30501
249644
60992
60185
118265
228223

0.00
0.00
0.00
0.61
0.00
0.00
0.28
0.00
0.06
0.38
0.60

4423.44
1017.77
3269.28
10H
4292.75
29218.80
10H
23090.36
10H
10H
10H

n11m1 t48 o10
n11m2 t48 o10
n11m3 t48 o10
n11m1 t48 o25
n11m2 t48 o25
n11m3 t48 o25
n11m1 t48 o50
n11m2 t48 o50
n11m3 t48 o50
n11m3 t48 o100
n11m3 t48 o200

N.S.
4507
3775
40827
14522
13708
81463
32185
31489
62862
N.S.

0.01
12.20
0.73
1.23
0.00
0.77
0.00
1.13
2.99
-

N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.

n20m1 t72 o10l
N.S.
n20m2 t72 o10l
N.S.
n20m3 t72 o10l 10352.83
n20m1 t72 o25l
N.S.
n20m2 t72 o25l 19723.48
n20m3 t72 o25l 18329.60
n20m1 t72 o50l
N.S.
n20m2 t72 o50l
N.S.
n20m3 t72 o50l
N.S.
n20m3 t72 o100l
N.S.
n20m3 t72 o200l
N.S.

n20m1 t72 o10t
n20m2 t72 o10t
n20m3 t72 o10t
n20m1 t72 o25t
n20m2 t72 o25t
n20m3 t72 o25t
n20m1 t72 o50t
n20m2 t72 o50t
n20m3 t72 o50t
n20m3 t72 o100t
n20m3 t72 o200t

Avg. Vehicle Utilization (%)

Total Share of Flows (%)

Train

Barge

Truck

Train

Barge

Truck

Train

Barge

84
9
9
177
22
22
341
42
42
78
157

11
4
16
8
20
9
17
24

7
8
11
8
14

92.6
84.3
84.3
95.4
87.8
87.8
97.1
88.1
88.1
92.8
94.0

9.6
2.3
14.9
12.0
23.1
15.1
34.2
56.3

34.7
44.3
60.7
49.3
60.2

100.0
8.3
8.2
100.0
9.2
9.2
100.0
9.1
10.3
10.9
9.8

91.7
8.0
90.8
36.7
90.9
30.3
70.1
72.1

83.8
54.1
59.4
19.0
18.0

5308.92
10H
10H
10H
19912.06
10H
10843.70
10H
10H
-

3
3
59
14
14
101
29
29
48
-

12
3
18
8
24
14
23
-

9
10
12
10
-

33.3
33.3
76.1
52.9
52.9
86.2
63.8
63.0
77.7
-

2.3
0.7
3.3
3.3
4.7
3.3
5.7
-

7.1
8.5
14.1
16.8
-

4.2
4.3
100.0
13.3
13.3
100.0
17.0
16.7
19.0
-

95.8
7.1
86.7
37.8
83.0
33.7
53.5
-

88.6
48.9
49.6
27.5
-

-

-

-

-

-

-

-

-

-

-

-

18.43
18.33
16.43
-

10H
10H
10H
-

7
11
11
-

9
32
18
-

11
15
-

78.6
82.6
82.6
-

3.3
11.6
6.6
-

11.1
35.0
-

8.1
3.0
3.3
-

34.7
97.0
34.9
-

57.3
61.8
-

Note: N.S. stands for “No Solution” and 10H is an abbreviation for 10 Hour time

interesting to investigate. Table 3.3 presents a summary of the number of vehicles
for each mode type and the average percentage that each vehicle is utilized by the
industry targeted in this thesis. It shows that on average 52.8% of the time barges
are used and on average 17.4% of each barge is utilized by this sector. In contrast,
trucks and trains are used 13.1% and 34.0% of the time, while on average 78.2% and
5.9% of their vehicles are utilized by this sector respectively. This is due to cheap
costs of barge compared to the other two modes.
Overall, barge seems to be the most favorable means of transportation. However, in
very large instances, trains have a bigger share of usage. They are expensive even
though faster than barges, and only with a large number of orders they are cost-
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Table 3.3 An Overview of the Mode Usage in the Solutions
Average Number

o10
o25
o50
o100
o200
o1000
o2000

truck
8
20
41
72
160
174
370

train
6
11
18
31
44
134
245

barge
10
18
26
38
62
133
255

Average
Utilization
by this sector (%)
truck
69.2
77.1
80.5
84.8
86.7
75.4
74.2

train
2.6
5.1
4.8
6.4
12.1
4.9
5.4

barge
11.7
14.9
20.4
24.9
29.5
11.0
9.1

Average Usage (%)
truck
11.2
11.8
13.9
14.2
14.5
12.7
13.6

train
25.7
29.4
24.5
29.9
31.5
45.2
52.0

barge
63.0
58.8
61.6
55.9
54.0
42.0
34.3

efficient.
One important issue is that the percentage of utilization of barges and trains by this
sector in all instances is low. This is due to the fact that the products have strict
delivery requirements and these modes are mostly used for repositioning RTIs.
By increasing the number of orders for instance with the same number of modes and
locations,the usage of trucks and trains seems to increase, but the usage of barges
decreases, even though the difference between usage of barges and the other two is
large (Figure 3.6). One important issue is that the utilization of barges and trucks in
all instances is low. It can be argued that by increasing the number of orders further,
the utilization of trains and barges will increase which also results in an increase in
their usage. In other words, larger flows and more volumes can result in a better
utilization of multimodal transportation system.
Looking at the total costs, the important trend seen is that by involving trains, and
further barges, the total cost decreases even more than 50%. These results encourage
the usage of multimodal transportation.

Figure 3.6 Influence of the number of orders on the usage of the modes

From a computational point of view, it is clear that the problem is complex and too
large to solve to optimality. Even in small sizes, the solver is not able to find the
optimal solution within 5 hours. In the group of n7 and n11, instances with more
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than 50 orders cannot be solved, and in n20 instances, the ones with more than 14
orders are not solved. Moreover, it is harder to find a solution for an order with tight
delivery of 12-hours. Likewise, it is harder to find a solution for m1 instances.

3.6

Conclusions

In this chapter, a multimodal network flow problem for long-haul transportation of
perishable products was developed, taking quality preservation, and asset management into account.
Multimodal transportation shows significant advantage in transporting perishable
products. The model particularly integrates the repositioning of empty RTIs with
the flow of full ones to ensure the customer requirements are met. Multimodal
transportation results (for instances with m = 2, 3) in less costs compared to typical
truck-only transportation (with m = 1). In addition, among different modes, barges
are mostly used, assuming the barge transportation infrastructure exists.
In total, the model was tested on 21 different instances with different number of
locations, up to 3 transportation modes, and up to 50 randomly generated order sets.
The computational tactic that were used, helped decreasing the time and memory
issues with the huge matrices in the model. However, the memory problem still exists
and solving instance with 50 orders and more is impossible. A fast and efficient
heuristic is needed to solve more realistic sizes of instances with various constraints
and factors. Chapter 4 targets this issue by designing a solution algorithm that can
handle larger instances.
In addition, only one RTI size (e.g. trolleys) was used, and transportation of only
one product type was planned. Appendix A extends the problem of this chapter
to include three sizes of RTIs and their loading relations. It also provides some
preliminary results showing how complex it is. Since the problem with multiple asset
sizes is relatively new to the literature, finding better models and algorithms for it is
an interesting research direction.
Another extension is to plan for multiple product types, because some products are
incompatible and need to be transported in compartments with different temperature
regimes.
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Chapter 4

An ALNS Metaheuristic for
Multimodal Long-haul
Transportation of Perishable
Products with Empty
Repositioning
Following Chapter 3, the current chapter addresses the tactical planning problem
of multimodal long-haul transportation of perishable products. In Chapter 3, this
planning problem was explored, and modeled as a Mixed Integer Program (MIP).
Then, it was shown that the problem is very complex, and a state-of-the-art MIP
solver is not capable of providing solutions for its practical sizes. Therefore, this
chapter builds upon the literature by proposing an Adaptive Large Neighborhood
Search (ALNS) algorithm with new operators, improved scoring mechanism, and extra
strategies, to solve this complex problem. Section 4.1 gives a capsule description of
the problem again, and Section 4.2 takes a look at the related literature of solution
algorithms. In Section 4.3, the proposed solution algorithm, its properties, and
structure are described, and in Section 4.4, its performance is analyzed and compared
with the results obtained in Chapter 3. Finally, in Section 4.5, some concluding
remarks are provided.
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4.1

Problem Description

Section 3.1 provides a detailed description of the multimodal transportation planning
problems with perishable products and repositioning of Returnable Transport Items
(RTIs).
This problem is an extension of the classic Fixed-cost Capacitated Multicommodity
Network Flow Problem (FCMNFP), and the main decisions are the flow of products
(customer demand), the repositioning of RTIs, and the selection of transport modes
and schedules to do these jobs.
RTIs are the key elements to model this problem, and the main decisions are defined
on their flow throughout the network: 1) laden flow decisions for loaded RTIs that
are transporting the products, 2) assign flow decisions for empty RTIs that are
repositioned from a location with surplus of RTIs, to the origin locations of orders
to be assigned to their transport, and 3) repos flow decisions for empty RTIs that
are repositioned from the destination locations of orders back to the storage locations
with RTI shortage. The number of RTIs throughout the network is limited and their
flow is subjected to strict resource balance constraints.
Demand is here represented by orders. An order is characterized by its pair of
origin and destination locations, its volume, its pickup and delivery schedules, and its
freshness requirements, which is evaluated by Time Temperature Sum (TTS) measure.
Fleets of different transportation modes are assumed available throughout the
network. Each transport mode has its given schedules, and its vehicles operate
based on them. For instance, trains depart from a hub location every 6 hours. Each
mode has a specific temperature, which for example shows the temperature inside a
truck trailer, a train car, or a barge storage room. Vehicles of a transport mode
are capacitated (here, based on RTIs), and there are limited number of vehicles
available for each transport modes. Besides transportation activities carried out
by the available fleet, there are decisions implying the relevant handling or holding
activities. Therefore, locations are also assumed to have their own temperature, which
is included in the quality measure of loading, unloading, and holding of laden RTIs
at these locations.
Finally, the objective function of this problem is to minimize total system costs.
Costs of renting a truck or reserving space (capacity) on a freight train, costs of
handling (loading, unloading, or transshipping) products or RTIs, costs of storing
them, administrative costs of these operations, etc., are examples of operational costs
in such a transportation system.
Balakrishnan et al. [1997] have shown that the capacitated fixed-charge network design
problem is NP-hard. This problem incorporates additional product preservation and
resource management constraints and decisions, which add further complexity to the
problem. The number of decision variables goes very quickly beyond what can be
solved to optimality with a state-of-the-art MIP solver. The results of Section 3.5
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indicated this limitation as well.

4.2

Related Literature

The multimodal long-haul transportation planning problem in this research is a special
case of FCMNFP problems. Figure 4.1 gives an overview of different approaches in
the literature to solve FCMNFP problems.
Decomposition [Costa, 2005]

Exact

Relaxation [Thiongane et al., 2015]
Cutting-plane and Variable Inequalities [Costa et al., 2009, Chouman et al.,
2011]
Branch-and-Price-and-Cut [Gendron and Larose, 2014]
Branch-and-Price local search [Hewitt et al., 2013]
Decomposition-based heuristic [Agarwal and Ergun, 2008, Garcı́a et al., 2013,
Li et al., 2016]

Solution
Algorithms

Cutting-plane based [Chouman and Crainic, 2014]
Evolutionary algorithm [Paraskevopoulos et al., 2016a]
Tabu search [Li et al., 2016, Pedersen et al., 2009]
Metaheuristics
and Hybrid
Heuristics

MIP-tabu search [Chouman and Crainic, 2010, Yaghini et al., 2014]
Parallel Tabu search [Crainic et al., 2006]
MIP-local search [Hewitt et al., 2010, Rodrı́guez-Martı́n and SalazarGonzález, 2010]
Column generation based [Agarwal and Ergun, 2008, Brouer et al., 2014,
Crainic et al., 2016, Karsten et al., 2016]
Slope scaling and ellipsoidal search [Zhu et al., 2014]

Figure 4.1 OR literature on solving Fixed-cost Capacitated Multi-commodity Network
Flow Problem

Among the research works on exact solution algorithms, Costa et al. [2009] have
studied various inequalities, such as Benders, metric, and cutset inequalities.
Chouman et al. [2011] also present a cutting plane algorithm where it implements
the strong cover, minimum cardinality, flow cover, and flow pack inequalities. They
compare and discuss the strength of each of these inequalities. On the other hand,
Costa [2005] provide a review on the Benders decomposition techniques in different
network design problems. Chouman and Crainic [2014] combine a cutting-plane
procedure with a variable-fixing procedure to solve their SND problem, embedding
a learning mechanism to the cutting-plane procedure to identify promising variables.
Thiongane et al. [2015] apply several relaxation methods, such as Lagrangian
relaxation, linear programming relaxation, and partial relaxations of the integrality
constraints, and conclude that Lagrangian relaxation seems to offer a good tradeoff
between the bound quality and the computation time. These exact solution algorithms
are only capable of solving really small instance sizes. The number of nodes, arcs,
and commodities are not larger than 30, 700, and 400 respectively, while these values
for the smallest sizes of this problem are much larger.
Among metaheuristic algorithms, advanced Tabu Search (TS) algorithms have been
proposed the most. Pedersen et al. [2009] present a two-stage TS algorithm for the arcbased Design-Balanced Capacitated Multicommodity Network Design (DBCMND)
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problem. The first stage of their TS explores the design-defined solution space via
single-path-based neighborhoods. Then in the second stage, feasible solutions are
identified. Chouman and Crainic [2010] integrate mathematical programming with
a TS algorithm for the FCMNFP problems. In their algorithm, the MIP with a
cutting-plane method computes lower bound, while the TS explores the solution space
for upper bounds. They also propose a new arc-balanced cycle-based neighborhood.
Yaghini et al. [2014] also introduce a new cutting-plane neighborhood into their TS
metaheuristic, which uses different strategies to select an open arc to be closed. They
show that their neighborhood outperforms many other methods such as cycle-based,
path relinking, multilevel, and local branching methods.
These research works are not able to solve problems with more than 100, 000 variables,
while in the smallest scale in this thesis, many more variables and constraints are
incorporated. Therefore, an algorithm which can search the solution space fast but
in a smart way is needed. Large Neighborhood Search (LNS) algorithms, and in
particular, Adaptive LNS (ALNS), have shown great performance for various largescale transportation problems. ALNS was first introduced by Ropke and Pisinger
[2006]. They propose an ALNS to solve a pickup and delivery problem with
time windows. Pisinger and Ropke [2007] later propose a more general ALNS to
solve various problems including the Vehicle Routing Problem with Time Windows
(VRPTW) and the Capacitated Vehicle Routing Problem (CVRP). ALNS has been
widely applied to VRP problems, but it is also gaining attention in other areas.
Examples are Grangier et al. [2016] for solving a two-echelon VRP with multi-trips
at the second echelon, Gharehgozli et al. [2014] for scheduling twin automated cranes
in a yard, Hemmati et al. [2016] for solving the inventory-routing with heterogeneous
fleet of ships, Mauri et al. [2016] for a berth allocation problem, Rifai et al. [2016] for
the distributed permutation flow shop scheduling problem with multiple factories, and
Canca et al. [2017] for solving a nonlinear location-routing problem, to design of rapid
rail transit network. ALNS is relatively new to the literature, and its capabilities
and limitations are still under investigation. It has not been applied to FCMNFP
problems, therefore, this chapter adds to the literature of FCMNFP problems by
proposing an ALNS algorithm for solving the long-haul transportation planning of
perishable products and management of RTIs. The next section provides a description
of the proposed ALNS.

4.3

Solution Algorithm

In this section, the proposed solution algorithm, its structure, components, and the
strategies used to improve its performance, are described. Appendix B provides a
summary of the notations used.
The proposed algorithm is an Adaptive Large Neighborhood Search (ALNS). It is an
extension to the classic Large Neighborhood Search (LNS) algorithms, which start

4.3 Solution Algorithm

67

Figure 4.2 Overall Layout of the proposed ALNS

with constructing an initial solution and try to improve this solution by iteratively
exploring its neighborhoods and modifying large amount of variables [Ropke and
Pisinger, 2006, Pisinger and Ropke, 2007].
Figure 4.2 shows the three main blocks of the proposed ALNS, namely, the initial
solution constructor, the first adaptive neighborhood search (ANS-1), and the second
adaptive neighborhood search (ANS-2) heuristic. Later in this section, these blocks
with their properties are explained in detail.
The main decisions in Section 4.1 were said to be on laden, assign, and repos flow
decisions, as well as selection of transport modes. Therefore, a solution z to this
problem is represented by:
1. a set of routes, where for each order p ∈ {1, . . . , P} and cat ∈ {laden, empty,
repos}, a route Rpcat represents the sequence of x̌cat
with positive values in a
p
solution.
m
2. a set of fleet, where each item f(i,j),t
in this set, represents mode m, traveling
between locations i and j, departing at time t, and the number of vehicles for
it. In other words, the set of fleet shows all y̌ decision variables with positive
values in a solution.

The solution space is the set of all feasible routes and their related fleet arrangements,
and assuming a cost function F(z), z ? is the optimal solution with the best objective
value, here the minimum total system cost. In designing metaheuristic algorithms,
it is possible to allow infeasible solutions in the solution space by adding relevant
penalties for that infeasibility. In this chapter, infeasibility is not allowed, and the
feasibility of generated and modified solutions, regarding the capacity of the modes,
the maximum vehicle constraint, and the order TTS, is always guaranteed. Section
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4.3.1 explains how the initial solutions are constructed.
A Neighborhood of a solution z is the set of all points z 0 in the solution space that
are reached by modifying some parts of solution z [Talbi, 2009]. In ALNS, a diverse
set of large neighborhoods are used which allow searching large parts of the solution
space. This is the first strength of ALNS. A particular neighborhood might be wellsuited for one type of instance, while another might be well-suited for other types
of instances. Alternating between the different neighborhoods gives a more robust
algorithm in overall [Pisinger and Ropke, 2007]. Later in Sections 4.3.2 and 4.3.4,
the neighborhoods used in the proposed ALNS, and the operators executing them are
introduced.
In both ANS-1 and ANS-2 heuristics of Figure 4.2, an adaptive selection and
scoring mechanism is used to help balancing intensification and diversification of
the neighborhood search. This adaptive layer helps intensifying the search by giving
higher scores to well-performing operators and choosing them more often. On the
other hand, it helps diversifying the search by allowing worse solutions to be accepted,
and scoring the operators finding them. Intensification is necessary to be able to
get closer to a local optimum, while diversification is needed to help find the global
optimum. This balancing mechanism is the second strength of ALNS [Pisinger and
Ropke, 2007]. The adaptive mechanism and the structure of ANS-1 is described in
Section 4.3.3. Then, Section 4.3.4 shows the differences between ANS-1 and ANS-2,
and the reason why ANS-2 was added to the algorithm.

4.3.1

Construction of an Initial Solution

An ALNS algorithm works, if an initial solution is available. To build an initial
solution z0 , three sets of laden, assign, and repos routes should be generated.
Customer demand or in other words, the given set of orders, determine the structure of
the laden routes, but for assign and repos routes, there are no given orders. Therefore,
empty RTIs should be assigned first, and empty orders should be generated. These
empty orders determine how many empty RTIs and between which locations and at
what time should be transported. After adding empty orders to the set of all orders,
the routes of orders are constructed, considering their origin and destination locations,
their earliest pickup and latest delivery time, their volume, and their TTS measure
(for laden routes). Figure 4.3 shows the initial solution generation process. In this
figure, there are three blocks representing two assignment algorithms and a routing
algorithm. In the followings, these blocks are further explained.

Assignment Algorithm
To be able to generate assign and repos routes, empty RTIs need to be assigned and
repositioned. In this regard, an assignment problem is defined, where there are a set
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Figure 4.3 Initial solution generation

of supply locations with empty RTI surplus, and a set of demand location with empty
RTI shortage or need.
This assignment problem is modeled as (4–1)-(4–4) which is solved twice. In the
first, there are a number of supply locations S̄ and a number of demand locations D̄.
Supply locations are the RTI storage locations with available number of RTIs s̄i > 0,
and the demand locations are the origin points O(p) with demand d¯j = wp . In the
second though, supply locations are the destination point D(p) with supply s̄i = wp
and the demand points are the storage locations with RTI deficit d¯j > 0.

min

S̄ X
D̄
X

X

m
r̄(i,j),t
x̄m
1 (i,j),(t1 ,t2 )

(4–1)

i=0 j=0 m∈Mm

S.T.
D̄
X

X

x̄m
(i,j),(t1 ,t2 ) = s̄i

∀i = 0, . . . , S̄

(4–2)

¯
x̄m
(i,j),(t1 ,t2 ) = dj

∀j = 0, . . . , D̄

(4–3)

j=0 m∈Mm
S̄
X

X

i=0 m∈Mm

x̄m
(i,j),(t1 ,t2 ) ≥ 0

∀i = 0, . . . , S̄,
j = 0, . . . , D̄,
m ∈ Mm

(4–4)

The decision in this problem, represented by variables x̄m
(i,j),(t1 ,t2 ) , is to determine the
number of RTIs assigned from location i to location j with the pickup time t1 and
m
delivery deadline of t2 , transported by mode m. r̄(i,j),t
is the travel time by mode
1
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m between location pairs i and j starting at time t1 , and the objective function is to
minimize total travel times.
This assignment problem is an extension to the classic transportation problem which
can be solved via a state-of-the-art solver in a polynomial time. However, for instances
with high number of orders where solving an assignment problem takes more than 5
minutes, a bi-directional fastest assign heuristic is used.
Figure 4.4 shows the bi-directional fastest assign algorithm, a greedy heuristic which
for each order p, it tries to find the fastest possible assignment of empty RTIs. The
reason for choosing fastest assignment is to ensure a feasible initial solution. Initially,
the order list is sorted based on volume in a descending fashion. But to improve
the assignment and to avoid low utilized fleet, instead of constantly choosing orders
on top of the list (with highest volume), this order list is reversed after each order
assignment. Therefore, the algorithm assigns low volume orders in between high
volume ones. This approach is here called bi-directional. Later in Section 4.4, the
performance of the bi-directional heuristic is compared with the exact assignment.

Figure 4.4 Bi-directional fastest fit algorithm

Routing Algorithm
After solving the assignment problem twice, and adding the new empty orders to
the set of all orders, a fast earliest-cheapest routing heuristic is called to construct
an initial route for each order. This algorithm is a breadth-first search tree based on
the available modes, and its objective is to find the cheapest path with the earliest
possible schedule from each origin to each destination at the defined pickup time. In
order to pick an order, there are two options: either to choose an order randomly, or
to give more priority to the orders with tighter schedules. Later in Section 4.4 the
influence of this randomness on the quality of the final solution is checked.
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Neighborhoods and Operators

Now that an initial solution is available, the next step is to define efficient moves
in the solution space that find improved solutions. Each move corresponds to a
neighborhood. A Neighborhood of a solution z is the set of all points z 0 in the solution
space that are generated by modifying some parts of solution z [Talbi, 2009].
In the literature of FCMNFP problems, neighborhoods are grouped into these
categories:
 node-based neighborhoods, where solutions are modified by removing or inserting at least one node, and the flows entering and exiting them,
 arc-based neighborhoods, where solutions are modified by removing or inserting
at least one arc, and the flows passing through them,
 path-based neighborhoods, where solutions are modified by removing or inserting
at least one path, and their related flows,
 cycle-based neighborhoods, where solutions are modified by removing or
inserting at least one asset cycle, and their related flows.

These neighborhoods can be obtained by random or systematic moves, based on the
structure of solutions. Node-based and arc-based neighborhoods are usually small,
but the other two are usually large. A neighborhood is large, when its size grows
exponentially with the size of the problem.
Cycle-based neighborhoods are only applicable to solutions of problems where assets
have cyclic routes, and design-based constraints are enforced for them. For the
planning problem of Section 4.1, these neighborhoods are irrelevant. Arc-based and
node-based neighborhoods are also not well-suited for this problem. Due to tight
delivery and TTS constraints, these neighborhoods are not sufficient to escape a local
optimum, or to search larger areas of the solution space. Therefore, in this research,
path-based neighborhoods are considered.
The algorithms searching for these neighborhoods are called operators. Operators can
be optimization-based or heuristic. However, if an operator is not fast, it might lose its
value in an ALNS algorithm. For the multimodal long-haul transportation planning
problem of this chapter, computational burdens related to the problem dimensionality
remains, and optimization-based operators are not desirable.
There are different strategies to set up and organize operators:
 like the majority of ALNS literature, define two general sets of destroy and
repair operators, where the neighborhood structure of each pair of destroy and
repair operators match well,
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 categorize neighborhoods, such that operators of each category only match
others from the same category,
 define only one set of advanced operators, each of which has its own set of moves
to destroy and repair a solution.

In this research, two general sets of destroy and repair operators based on path-based
neighborhoods are created. The main decisions in Section 4.1 were identified on laden,
assign, and repos flow decisions of orders, as well as selection of transportation modes.
In this algorithm, the flow decisions are represented as routes Rpcat . Each route is a
path for either a full order, or an empty order. These routes are easily accessed in a
solution in polynomial time, therefore, order-based neighborhoods are used in order
to frame the operators of this research. In order-based neighborhoods, solutions
are modified by removing or inserting at least one order and their corresponding
routes and used transport modes. Such operators are general and match well. In the
followings, the destroy and repair operators of ANS-1 are introduced. Later in this
section, the destroy and operators of ANS-2 are also introduced.
ANS-1 Destroy Operators
The following destroy operators are used in ANS-1 to remove the routes of orders:
 one random order (R1) operator,
 two random orders (R2r) operator,
 three random orders (R3r) operator,
 two similar orders (R2s) operator,
 three similar orders (R3s) operator

The chosen orders can be from laden, assign, repos categories, or their combination.
The number of possibilities in a random category is equal to the size of order set, while
the number of combinations in R2s and R3s categories depends on the composition of
the order set P. In the random category, the orders are chosen randomly. However, in
the operators with similar orders, the orders are chosen based on two main similarities:
their origin locations O(p) (or their destination locations D(p)) should be equal, and
the difference in their pickup times P T (p) (or their delivery time DT (p)) should be
less than β time periods. The reason for introducing β is to avoid investigating orders
that have completely different time and TTS requirements, as their chances to be
consolidated together are low.
ANS-1 Repair Operators
Repair operators used in ANS-1 are as the followings:
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 cheapest path (Ip) operator,
 scheduling (Is) operator,
 consolidate two orders (Ic2) operator,
 consolidate three orders (single) (Ic3s) operator,
 consolidate three orders (paired) (Ic3p) operator.

The cheapest path operator has a similar structure to the Dijkstra’ classic shortest
path algorithm, but instead of time, the cost of paths is evaluated.
The scheduling operator tries to find feasible consolidation options by putting RTIs
on later schedules of the used modes. For this purpose, two extra measures were
m
m
introduced: the earliest depart time (EDij
) and the latest depart time (LDij
) of a
mode. These two values represent the feasible departure slack time for each mode.
These slack times are first collected at the beginning of the improvement phase for all
modes in the fleet, and each time a new mode is added to the fleet in any iteration,
its slack times are recomputed.
Finally, the consolidation operators aim to find the cheapest possible consolidation
of the destroyed routes. In this regard, first a subnetwork is generated based on
all the locations visited on these order routes. Then, on this subnetwork and for
each destroyed order, a set of all possible paths with the departing slack times of
the used modes are generated. Later, path combinations of orders are compared to
search for mutual modes and overlapping departing slack times. If such possibilities
exist, the cheapest one among them is chosen. There is a fundamental difference
between the consolidation of three order neighborhoods Ic3s and Ic3p. Figure 4.5
gives an illustration of this difference. In a single consolidation neighborhood Ic3s,
the flows of the three destroyed orders are consolidated on one particular item in
the fleet set (the mode between locations 2 and 3 for all orders), while in the paired
consolidation neighborhood Ic3p, the flows of pairs of the orders are consolidated in
two different items in the fleet set (the mode between locations 2 and 3 for orders
one and two, and the mode between locations 3 and 7 for orders two and three).
The paired consolidation was designed to exploit for more complicated consolidation
options which none of other neighborhoods are capable of finding.

4.3.3

The First Adaptive Neighborhood Search (ANS-1)

After generating an initial solution and building the operators, the solution is
improved via two improvement blocks, namely ANS-1 and ANS-2 (Figure 4.2).
Despite detailed differences, ANS-1 and ANS-2 have similar frameworks. Figure
4.6 shows this framework and its components. Iteratively selecting the operators,
generating new solutions, and evaluating the performance of these operators and
their resulting improvements, are the main components.
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Figure 4.5 An example of consolidation options in consolidate three order neighborhoods;
left: consolidate three orders (single), right: consolidate three orders (paired)

In this framework, each operator has a weight, used in their selection process.
Depending on the performance of the chosen operators, at the end of an iteration,
their weights are adjusted.
After getting the initial solution, and until a stopping criterion is satisfied, this
adaptive neighborhood search runs an iteration of selecting operators, modifying the
solution, and updating the weights. In ANS-1, the stopping criterion is based on the
π number of iterations that the best found solution is not improved.
The adaptive neighborhood search starts with initiating a weight ωi,0 = 1 and ωj,0 = 1
for each destroy operator i and repair operator j. At each iteration e and by looking at
the weights, one destroy and one repair operator is chosen based on a roulette wheel
mechanism [Ropke and Pisinger, 2006]. Note that the destroy operator is selected
independently of the repair operator. Assuming DOpers and ROpers are the total
number of destroy and repair operators in the ALNS, the roulette wheel chooses the
operators with probabilities of

P r(i, e) = ωi,e

,DOpers
X

ωi,e

(4–5)

ωj,e

(4–6)

i=1

P r(j, e) = ωj,e

,ROpers
X
j=1

After choosing a destroy operator i and a repair operator j, based on the neighborhoods of these operators (described in Section 4.3.2), Q order routes are chosen, the
solution z of iteration e is modified, and a new solution z 0 is generated.
The cost F(z 0 ) of the new solution can be computed from scratch, but it would be
time consuming and unnecessary. Therefore, only cost changes ∆(Fe ) related to the
PQ
Q order routes are computed. Assuming FDes ( q=1 rq ) to be the total cost of the Q

Figure 4.6 Adaptive Neighborhood Search

4.3 Solution Algorithm
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PQ
destroyed order routes and the removed related fleet, and FRep ( q=1 rq ) to be the
total cost of the Q repaired order routes and the added related fleet, F(z 0 ) is equal
to F(z) + ∆(Fe ), where ∆(Fe ) is defined as:
∆(Fe ) = FRep (

Q
X

rq ) − FDes (

q=1

Q
X

rq )

(4–7)

q=1

and its value is negative, if solution z has been improved.
In order to facilitate exploring unvisited parts of the solution space, for each repair

operator, a short-term memory (a Tabu list) is stored with a limit of min(α, |OQZ | ).
The value |OZ | is the size of the order set in a solution z, and Q is the number of
removed orders. At each iteration, if the combination of Q orders does not exist in
the Tabu list, this combination is added and the removed order routes are repaired.
Otherwise, another set of Q orders is removed. This strategy is particularly useful
when the size of problem increases and unvisited parts of the solution space need to
be explored.
Evaluating the performance of the chosen operators, and subsequently, updating their
weights, require an indication on how much they have improved solutions z and z ? .
Hence, the followings questions should be answered:
1. Was the best found solution z ? improved?
2. If the first answer is No, was the current solution z improved?
3. If the second answer is No, is solution z 0 feasible and accepted?
Depending on the answers, an score θ is obtained. θ is a equal to a given value θ1
if the operator i results in improving the global best solution, θ2 if it improves the
current solution, θ3 if the operator returns a feasible solution and accepts it, and θ4 if
the operator reject the solution. With a score θ, at the end of iteration e, the weights
of destroy operator i and repair operator j are updated as:

ωi,e+1 = λωi,e + (1 − λ)θ × ∆(fe )

(4–8)

ωj,e+1 = λωj,e + (1 − λ)θ × ∆(fe )

(4–9)

The coefficient λ is a reaction factor which controls the reaction to the changes in
the performance of the algorithm [Ropke and Pisinger, 2006]. If it is equal to zero,
the scores are not used, and if it is equal to one, the scores freely decide upon the
weights, and there is no manual interference. This weighting system gives ANLS
the opportunity to intensify the search by giving the operators with higher weights
more chance to be chosen, while it tries to diversify the search by the roulette wheel
mechanism. Later in Section 4.4, the influence of this weighting method is checked.
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Long-term Memory and the Second Adaptive Neighborhood Search (ANS-2)

The adaptive layer of an ANS-1 provides a good balance between diversification and
intensification of the neighborhood search. Keeping a short-term memory list and
tuning its parameters also help diversifying the search further, however, as the number
of orders P increases, a questions is raised on whether these strategies are sufficient
in diversifying the search. Increasing the stopping criterion π to a very large number,
or allowing ALNS to run for a very long time might lift this concern, but a lengthy
metaheuristic is not desirable. Otherwise, optimization-based operators could have
been introduced to the algorithm. Therefore, in the proposed algorithm of Figure 4.2,
in addition to keeping short-term Tabu lists, a long-term memory is kept, tracking
the number of times each order has been chosen in all iterations of ANS-1.
Then, the set of orders is sorted based on these statistics in an ascending order, and
ANS-2 is executed. ANS-2 has a similar structure to Figure 4.6, but it has new
destroy operators, and some modified parameter setting, such as a stopping criterion
of η = 0.5 × π, representing the number of iterations without improving the best
found solution.
The new destroy operators of ANS-2 are as follows:
 the least chosen order (D1) operator,
 the two least chosen orders (D2l) operator,
 the three least chosen orders (D3l) operator,
 two similar least chosen orders (D2s) operator,
 three similar least chosen orders (D3s) operator.

Clearly, the first three operators pick the orders with the least number of times that
they have been checked during all iterations of ANS-1 and ANS-2. The latter three
operators on the other hand, try to choose the least checked similar orders. ANS-2
runs with the same cheapest path, scheduling, and consolidation repair operators of
ANS-1, as they match well with the new destroy operators. Later in the next section,
the influence of ANS-2 on improving diversification is discussed.

4.4

Computational Results

In this section, the algorithm presented in Section 4.3 is tested on the three groups of
instances presented in Section 3.5, with 7, 11, and 20 locations, three transportation
modes of truck, train, and barge, 12-hour, 24-hour, or 48-hour delivery service, and
different number of orders. The instances are named as ”nAmBtCoDE” where value
of A shows the number of locations, value of B is the number of mode types, value
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of C is the planning horizon, and value of D stands for the number of orders. The
instances with m1 only have truck options, the instances with m2 have truck and
train options, and the instances with m3 have all modes available. If there is an order
set with tight delivery due dates, E is “t”, and if the delivery due dates are loose, E
is “l”.
In the following sections, the parameter setting are described, and the computational
results and some sensitivity analysis are provided.

4.4.1

Parameter Tuning

Prior to showing the final results and discussing the quality of ALNS solutions, its
tuning is explained. For the basic parameters, after several initial tests, the following
values were chosen: ALNS scoring parameters of θ1 = 30.0, θ2 = 20.0, θ3 = 10.0,
θ4 = 1.0, and λ = 0.5, the time interval of β = 10 and the stopping criteria of π = 500
and η = 125. Higher stopping criteria might improve the solution even further, but
the improvement compared to the time spent on the extra iterations does not seem
useful. Higher values for θ1 and θ2 also might result in getting stuck in local optima
and less diversified neighborhood search.

4.4.2

Overall Results

In this section, the results of Gurob solver in Section 3.5 are compared with the ones
from the proposed ALNS.
Table 4.1 gives the obtained upper bounds within 10 hours. As it is shown, Gurobi
solver is not able to find the optimal solution of the majority of the instances in 10
hours. In the group of n20, it is almost unable to find any solutions without running
out of memory. In an extra attempt, the initial solution of ALNS was used as the
MIP start solution, which only had a limited effect as it helped finding near-optimal
solutions for only two more instances n11m1o10 and n11m3o200.
In order to compare the performance of the ALNS with Gurobi solver, a 15 minute
time limit was set for both of them (Table 4.1). As shown in the table, Gurobi solver is
not able to find any solutions for 75% the instances. Moreover, among the other 25%
instances, ALNS solutions have an average optimality gap of 3.9% which is acceptable
considering the size of the problem.
Looking at the total costs in Table 4.1, an important trend seen is that by involving
trains, and further barges, the total cost decreases by more than 50%. These results
encourage the usage of multimodal transportation.
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Table 4.1 Overall Results
Exact (10 Hours)

Exact (15 min)

ALNS metaheuristic (in 15 min)

Upper
Bound

Gap
(%)

Best
found
total
cost

4423
1018
3269
10H
4293
29219
10H
23090
10H
10H
10H

N.S.
13786
N.S.
N.S.
31123
31067
N.S.
61235
60967
121818
N.S.

3.96
2.84
4.53
2.05
3.10
4.41
-

2.65
0.01
12.20
0.73
1.23
0.00
0.77
0.00
1.13
2.99
3.61

10H
5309
10H
10H
10H
19912
10H
10844
10H
10H
10H

N.S.
4507
3931
40827
14865
14023
N.S.
32436
N.S.
N.S.
N.S.

N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.

-

-

N.S.
N.S.
10353
N.S.
19723
18330
N.S.
N.S.
N.S.
N.S.
N.S.

18.43
18.33
16.43
-

N.S.
N.S.
N.S.
N.S.

-

n

m

t

o

Upper
Bound

Gap
(%)

n7
n7
n7
n7
n7
n7
n7
n7
n7
n7
n7

m1
m2
m3
m1
m2
m3
m1
m2
m3
m3
m3

t48
t48
t48
t48
t48
t48
t48
t48
t48
t48
t48

o10
o10
o10
o25
o25
o25
o50
o50
o50
o100
o200

55167
13786
13264
131248
31112
30501
249644
60992
60185
118265
228223

0.00
0.00
0.00
0.61
0.00
0.00
0.28
0.00
0.06
0.38
0.60

n11
n11
n11
n11
n11
n11
n11
n11
n11
n11
n11

m1
m2
m3
m1
m2
m3
m1
m2
m3
m3
m3

t48
t48
t48
t48
t48
t48
t48
t48
t48
t48
t48

o10
o10
o10
o25
o25
o25
o50
o50
o50
o100
o200

14879*
4507
3775
40827
14522
13708
81463
32185
31489
62862
122292*

n20
n20
n20
n20
n20
n20
n20
n20
n20
n20
n20

m1
m2
m3
m1
m2
m3
m1
m2
m3
m3
m3

t72
t72
t72
t72
t72
t72
t72
t72
t72
t72
t72

o10t
o10t
o10t
o25t
o25t
o25t
o50t
o50t
o50t
o100t
o200t

n20
n20
n20
n20
n20
n20
n20
n20
n20
n20
n20

m1
m2
m3
m1
m2
m3
m1
m2
m3
m3
m3

t72
t72
t72
t72
t72
t72
t72
t72
t72
t72
t72

o10l
o10l
o10l
o25l
o25l
o25l
o50l
o50l
o50l
o100l
o200l

n20
n20
n20
n20

m2
m3
m3
m3

t72
t72
t72
t72

o1000t
o2000t
o1000l
o2000l

Diff. (%)
compared
to Exact
10 hours

Diff. (%)
compared
to Exact
15 min

55167
14071
13497
131510
32195
31031
250672
62246
62042
121320
236215

0.00
2.07
1.76
0.20
3.48
1.74
0.41
2.06
3.09
2.58
3.50

2.07
3.45
-0.12
1.65
1.76
-0.41
-

11.66
24.56
0.73
16.27
13.97
11.58
-

14879
5089
4231
41420
15807
14386
82450
34998
32253
65985
135430

0.00
12.90
12.08
1.45
8.85
4.94
1.21
8.74
2.42
4.97
10.74

12.84
7.62
1.45
6.33
2.59
7.90
-

N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.

-

57370
22273
20976
147624
55895
56274
291816
108454
103338
174216
385521

-

-

10H
10H
10H
-

N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.
N.S.

-

57371
12514
11724
148426
21434
18421
289758
44215
40158
73893
178640

13.24
8.67
0.50
-

-

-

N.S.
N.S.
N.S.
N.S.

-

483754
502649
156344
401739

-

-

Comp.
Time
(sec.)

Note: N.S. stands for “No Solution” and 10H is an abbreviation for 10 Hour time
* These results have been obtained by setting a MIP initial solution equal to the initial solution of ALNS
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Table 4.2 Comparison of the Performance of ALNS with Different Repair Combinations
n

m

n7

t

Sc0
Average
Total
Cost

o

Sc1
A.D.
(%)

Sc2
A.D.
(%)

Cost
Diff.

Sc3
A.D.
(%)

Cost
Diff.

Sc4
A.D.
(%)

Cost
Diff.

A.D.
(%)

Cost
Diff.

m3 t48 o100

125511

0.17

-1220

0.22

-2278

0.35

-2707

0.10

-3423.92

0.50

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

4643
17244
145096

1.07
0.70
0.01

-444
-1004
-3297

0.63
1.22
0.38

-372
-1455
-4960

1.78
1.63
1.14

-439
-1965
-4547

0.91
0
0.67

-423
-1466
-7667

4.23
1.83
0.25

n20 m3 t72 o50t
n20 m3 t72 o100t

108900
180420

0.46
0.19

-5339
-5631

0.78
0.33

-4260
-7633

0.10
0.53

-4128
-6222

1.29
0.54

-3242
-7576

0.92
0.35

n20 m3 t72 o10l
n20 m3 t72 o25l
n20 m3 t72 o200l

13889
21571
203215

0.80
0
2.27

-2117
-2517
-20080

0.61
0
0.06

-2058
-2131
-23839

0.19
3.08
1.35

-2071
-3111
-25510

0
0.44
0.90

-2125
-2738
-29209

0.00
3.92
2.13

0.63

-

0.47

-

1.13

-

0.54

-

1.57

Average
Sc0:
Sc1:
Sc2:
Sc3:
Sc4:

including
including
including
including
including

4.4.3

repair
repair
repair
repair
repair

operators
operators
operators
operators
operators

Ip,
Ip,
Ip,
Ip,
Ip,

Is
Is,
Is,
Is,
Is,

Ic2
Ic2, Ic3p
Ic2, Ic3s
Ic2, Ic3p, Ic3s

Algorithm Performance

In this section, the efficiency of destroy and repair operators is tested based on
both the time they spend and their share of solution improvement. Furthermore,
the strategies used to improve the results and reduce the computation time are
investigated. The impact of the quality of the initial solutions on the performance
of the algorithm is also checked. Note that for the performance analysis, only nine
out of 48 instances are investigated. These sample instances have an adequate variety
in number of locations and orders. For each analysis, a series of test scenarios are
compared. A test scenario corresponds to a particular ALNS setting with specific set
of destroy and repair operators, scoring mechanism, initial solution constructor, and
diversification strategy.
Operator Combinations
In order to analyze the behavior of the repair (or destroy) operators, a few test
scenarios with particular combination of repair (or destroy) operators are defined.
The number of possible combinations is high, but the scenarios presented here are
argued to give a good overview on the behavior of the operators. Operators Ip and Is
are kept in all scenarios as they are fast and effective. Table 4.2 shows a comparison of
the average total cost and the average deviations (A.D.) obtained over 10 repetitions
of ALNS. As it is shown in Table 4.2, scenario Sc4 which includes all operators, has the
best performance. Moreover, the performance of scenarios Sc2 and Sc3, especially in
larger instances, shows that the repair operators which consolidate three order routes
are important contributors to the cost improvement. However, based on Table 4.3,
these operators are time-consuming. This is due to the fact that the consolidation
operators need to analyze large sets of consolidation options.
In order to compare the behavior of the repair operators, all destroy operators were
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Table 4.3 Comparison of the Computation Time (Seconds) of ALNS with Different
Repair Combinations
n

m

Sc0

Sc1

Sc2

Sc3

Sc4

n7

m3 t48 o100

2.00

4.87

8.19

104.83

100.24

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

0.78
0.84
9.24

1.60
1.23
12.19

2.85
2.72
30.55

21.26
13.89
83.19

59.98
5.60
387.31

n20 m3 t72 o50t
n20 m3 t72 o100t

3.63
8.49

12.25
33.92

84.41
202.51

1775.01
1226.20

2723.86
5798.21

n20 m3 t72 o10l
0.85
n20 m3 t72 o25l
1.62
n20 m3 t72 o200l 25.91

1.67
3.66
124.11

6.39
16.39
1196.12

19.36
352.43
2570.61

35.86
410.20
7968.14

Sc0:
Sc1:
Sc2:
Sc3:
Sc4:

t

o

including
including
including
including
including

repair
repair
repair
repair
repair

operators
operators
operators
operators
operators

Ip,
Ip,
Ip,
Ip,
Ip,

Is
Is,
Is,
Is,
Is,

Ic2
Ic2, Ic3p
Ic2, Ic3s
Ic2, Ic3p, Ic3s

Table 4.4 The Role of Destroy Operator
Extra Cost (%)
Extra Cost (%)

D1

D2r

D2s

D3r

D3s

including the operator only
excluding the operator

9.92
0.31

1.83
0.13

7.93
1.49

4.81
0.69

4.10
1.42

Computation Time (Seconds)

0.001

0.035

0.128

0.145

0.700

included in each scenario of Tables 4.2 and 4.3. In the followings, the efficiency of
each destroy operator is tested. For this purpose, similar to scenario Sc4, all repair
operators are included in this test. Since the destroy operators have a similar structure
and mostly the number of orders they remove is different, the scenarios with different
combinations of these operators are not that distinct. Therefore, scenario Sc4 is
run once including each of the operators alone, and once excluding them, and it is
checked how much on average the cost of the solutions are different from the cost of
the solution of scenario Sc4 including all of the destroy operators.
Table 4.4 shows the role of each destroy operator over 10 repetitions of ALNS. First
of all, as shown in Table 4.4, the time these operators spend to remove a set of orders
is a matter of milliseconds. Next, the table shows that excluding each of them results
in more expensive solutions by around 1%. It is even more expensive to use them
alone. In conclusion, each destroy operator has a significant contribution to the cost
improvement.

Scoring Mechanism
Depending on what moves an operator takes, and how much it modifies a solution,
it can be fast or time-consuming. In order to keep the computation time of ALNS
low, the computation time of each iteration e is included into the scoring system. In
a new test scenario Sc5, the weight of operators are updated by:
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Table 4.5 Comparison of the Performance of ALNS with different scoring variables
n

m

n7

t

Best
Found
Cost

o

Sc4
Average
Total
Cost

Comp.
time
(sec.)

Best
Found
Cost

Sc5
Average
Total
Cost

Comp.
time
(sec.)

m3 t48 o100

121161

122086

100.24

121649

121951

16.75

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

4135
15553
135405

4220
15779
137429

59.98
5.60
387.31

4250
15597
134443

4439
15741
134704

75.29
9.64
116.04

n20 m3 t72 o50t
n20 m3 t72 o100t

105265
171940

105658
172845

2723.86
5798.21

103430
171739

104332
172044

524.80
950.99

n20 m3 t72 o10l
n20 m3 t72 o25l
n20 m3 t72 o200l

11764
18832
173992

11764
18832
174006

35.86
410.20
7968.14

11637
18625
173805

11637
19267
178862

45.67
186.13
980.65

Sc4: including all repair operators with ∆(fi )
Sc5: including all repair operators with ∆(fi )/∆(time)e

wi,e+1 = λwi,e + (1 − λ)θ × ∆(fe )/∆(time)e

(4–10)

wj,e+1 = λwj,e + (1 − λ)θ × ∆(fe )/∆(time)e

(4–11)

The reason is to give less weight to the more time-consuming operators by penalizing
them by ∆(time)e . ∆(time)e is the time it takes for the repair process. The results of
this test are given in Table 4.5. By penalizing the time consuming operators, 37.22%
of the average computation time could be saved, in addition to the improved average
total costs over 10 repetitions.
Table 4.6 gives an overview of the average share of each operator in the cost
improvements and the average time (in seconds) they spend in both scenarios Sc4
and Sc5. There is no particular difference seen in their share of improvement. All
operators play significant roles in improving solutions, particularly operator Ip which
ranks first. Ic3p and Ic3s are the slowest operators, but if excluded completely (like
in Sc1 in Table 4.2), the quality of the solutions would be lost by 1.81, −0.51, 2.93,
3.18, −1.98, 1.13, 0.07, 1.17, and 5.52 percent over the nine sample instances.
ANS-2
In order to push the algorithm further, a second adaptive neighborhood search was
added, where by replacing the ANS-1 destroy operators (D1, D2r, D2s, D3r, and
D3s) with new D1, D2l, D3l, D2s, and D3s operators, ANS-2 tries to pick the order
routes with the least number of times they have been chosen in ANS-1. The results
of ALNS without ANS-2 and with ANS-2 is compared in Table 4.7. ANS-2 increases
the computation time by an average of 54%, although in some instances, this time
decreases. For instances with normal or loose delivery due dates, ANS-2 improves
both best found costs and the average total costs over 10 repetitions. In contrast,
for instances with tight time windows, ANS-2 does not improve the costs. This
is probably due to the fact that orders with tight due dates have less chance to be
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Table 4.6 Comparison of the Performance of the operators
n

m

n7

t

Sc4
Share of improvement in total cost (%)
Ip
Is
Ic2
Ic3p
Ic3s

o

Computation time (sec.)
Ip Is
Ic2 Ic3p
Ic3s

m3 t48 o100

49.65

0.89

6.13

38.84

4.48

2

0

1

14

185

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

69.90
49.69
58.37

2.79
1.76
8.48

18.22
4.55
18.67

8.47
22.19
11.45

0.62
21.82
3.03

1
1
6

1
1
1

2
2
3

54
5
12

773
12
195

n20 m3 t72 o50t
n20 m3 t72 o100t

47.88
69.25

1.29
2.32

11.75
6.69

27.76
8.57

11.32
13.17

8
36

1
1

3
7

498
492

7106
9649

n20 m3 t72 o10l
n20 m3 t72 o25l
n20 m3 t72 o200l

90.34
84.23
71.89

0.78
0.91
1.81

3.53
12.00
14.05

4.68
2.61
2.06

0.66
0.26
10.19

4
7
7

1
0
1

1
7
7

82
185
495

139
1061
7532

n

m

n7

t

Sc5
Share of improvement in total cost (%)
Ip
Is
Ic2
Ic3p
Ic3s

o

Computation time (sec.)
Ip Is
Ic2 Ic3p
Ic3s

m3 t48 o100

59.51

1.18

13.68

24.54

1.08

2

1

0

8

10

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

37.54
57.50
52.27

2.81
2.92
7.57

14.30
3.88
5.72

45.23
35.62
29.04

0.11
0.08
5.40

1
1
5

0
1
0

3
0
2

38
6
7

853
32
31

n20 m3 t72 o50t
n20 m3 t72 o100t

55.91
58.70

1.76
2.05

21.71
7.83

7.98
19.38

12.64
12.05

6
12

0
0

8
4

89
87

3682
1674

n20 m3 t72 o10l
n20 m3 t72 o25l
n20 m3 t72 o200l

82.15
91.64
34.29

0.55
0.45
1.21

2.28
0.43
3.93

14.39
5.75
40.55

0.64
1.73
20.03

4
5
21

0
0
0

2
6
4

49
137
79

125
11
278

Sc4: including all repair operators with ∆(fi )
Sc5: including all repair operators with ∆(fi )/∆(time)e

Table 4.7 Comparison of the Performance of ALNS with and without ANS-2
n

m

n7

t

o

Best
Total
Cost

Sc5
Average
Total
Cost

A.D.
(%)

Comp.
time
(sec.)

Best
Total
Cost

Sc6
Average
Total
Cost

A.D.
(%)

Comp.
time
(sec.)

m3 t48 o100

121648

121951

0.50

16.75

121212

121489

0.20

30.53

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

4250
15597
134442

4439
15741
134704

4.23
1.83
0.25

75.29
9.64
116.04

4137
15581
133115

4255
15582
134236

2.27
0.01
0.79

26.50
8.66
80.49

n20 m3 t72 o50t
n20 m3 t72 o100t

103430
171739

104332
172044

0.92
0.35

524.80
950.99

104238
172353

104681
173136

0.36
0.41

719.96
0

n20 m3 t72 o10l
n20 m3 t72 o25l
n20 m3 t72 o200l

11637
18625
173804

11637
19267
178862

0
3.92
2.31

45.67
186.13
980.65

12041
18124
171704

12066
18779
172428

0.41
4.95
0.46

56.18
782.19
3243.35

-

-

1.59

-

-

-

1.09

-

Average
Sc6: Sc5 plus ANS-2

consolidated into slower and cheaper transportation modes. In overall, the comparison
of average deviations shows that ALNS with ANS-2 has a more robust outcome.

Quality of Initial Solutions
To test robustness of ALNS, the effect of the quality of initial solutions on the
final obtained solutions is investigated. In Section 4.3.1, two exact and heuristic
assignment algorithms were introduced for the assignment of empty RTIs in the
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Table 4.8 Comparison of Exact Assignment and Heuristic Assignment
Sc6
n

m

n7

t

o

Average
Initial Cost

Sc7

A.D.
(%)

Average
Total Cost

A.D.
(%)

Average
Initial Cost

A.D.
(%)

Average
Total Cost

A.D.
(%)

m3 t48 o100

291079

5.94

121489

0.20

240753

5.44

100266

0.86

n11 m3 t48 o10
n11 m2 t48 o25
n11 m3 t48 o200

9867
33657
254989

21.40
9.87
2.07

4255
15582
134236

2.27
0.01
0.79

8357
38064
232369

10.60
8.51
2.83

5152
19503
113134

0
0.27
1.52

n20 m3 t72 o50t
n20 m3 t72 o100t
n20 m3 t72 o200t

195979
337400
731008

8.74
1.65
2.08

104681
173136
385521

0.36
0.41
0.73

186076
380021
739022

4.59
4.10
2.50

92386
191214
407219

0.45
3.66
4.05

n20
n20
n20
n20

m3
m3
m3
m3

t72
t72
t72
t72

o10l
o25l
o100l
o200l

34476
74611
246670
653806

17.80
6.10
6.87
3.59

12066
18779
73893
172428

0.41
4.95
4.52
0.46

24423
64018
1279967
510641

18.76
10.67
4.32
5.77

10316
22647
77906
189498

0.75
0.44
5.11
0.00

n20
n20
n20
n20

m3
m3
m3
m3

t72
t72
t72
t72

o1000t
o2000t
o1000l
o2000l

N.I.
N.I.
N.I.
N.I.

-

-

-

766434
1437041
649983
1216513

0.50
1.01
1.88
0.96

483754
502649
156344
401739

6.10
6.48
0.00
7.09

-

7.82

-

1.37

-

5.50

-

2.45

Average

N.I. stands for No obtained Initial solution in 15 minutes.
Sc7: Sc6 with heuristic assignment of empty RTIs

initial solutions. It was also explained that in the heuristic assignment, orders are
either chosen randomly or prioritized based on how tight their delivery due dates
are. Table 4.8 shows that for very large instances (with more than 1000 orders), a
state-of-the-art solver is not able to find an initial solution in a 15 minute time limit.
In contrast, ALNS with the heuristic assignment results in worse solutions in other
instances compared to the exact algorithm. This is due to the fact that the assignment
heuristic is a greedy fastest-fit algorithm, assigning one order at a time, which is not
efficient.

Summarizing remarks
To conclude this section, results show that each operator plays an important role in
the overall improvement and the algorithm shows a robust behavior. However, the
time the operators spend processing needs to be controlled. This is done by a scoring
system depending on both cost change and CPU time consumption. In addition, the
added long-term memory and diversified search in ANS-2, provides further exploration
of the solution space.

4.4.4

Incomplete Transportation Network

So far, results were based on the assumptions that the multimodal network is
complete. In practice, not all modes are feasible for each pair of locations. The
reason to work under such an assumption was to allow each mode of transportation
an equal chance, and to see their involvement without considering network boundaries.
In this section, the results are compared with a realistic TEN-T network. Figure 4.7
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Figure 4.7 The horticultural network of hubs around the Europe; the white squares show
the inbound hubs, and the red circles represent the outbound hubs

gives an illustration of the rail and water connections in Europe with much fewer
multimodal options for instances of n11 and n20. Still, all locations are connected by
road which is reasonable (not shown in figure).
Table 4.9 shows the huge difference between the total costs of the two cases. In the
incomplete network, the costs and the number of employed trucks increase by on
average 175% and 303% respectively. The number of trains and barges on the other
hand decrease by on average 27% and 53%.
Looking at the structure of routes in both complete and incomplete network results,
it is clear that direct road connections are mostly used. However, in the incomplete
network results, there is more variety of multimodal routes with two and three
transshipments, while in the complete network results, the number of transshipments
is at most one and the varieties with more transshipments are rare.

4.5

Conclusions

Following Chapter 3, this chapter focused on the tactical planning problem of
perishable products with management of RTIs. Due to the complexity of this problem,
a state-of-the-art MIP solver is not able to solve it for practical sizes. Therefore,
in this chapter, an ALNS algorithm was proposed, which starts with constructing
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Table 4.9 Comparison of the Results between Complete and Incomplete Multimodal
Network
Average
Initial Cost

Complete Network
No.
No.
Trucks
Trains

n

m

t

o

n20
n20
n20
n20

m3
m3
m3
m3

t72
t72
t72
t72

o100t
o200t
o100l
o200l

174216
385521
73893
178640

108
238
51
142

n20
n20
n20
n20

m3
m3
m3
m3

t72
t72
t72
t72

o1000t
o2000t
o1000l
o2000l

483754
502649
156344
401739

266
519
81
220

Incomplete Network
No.
No.
Trucks
Trains

No.
Barges

No.
Barges

Average
Initial Cost

34
55
49
65

47
68
56
84

336113
808214
226586
545628

306
701
232
504

40
54
44
60

26
38
26
30

132
216
137
277

125
215
141
295

772169
1518313
613086
1327066

693
1307
616
1245

74
84
75
95

79
96
57
82

an initial solution, and tries to improve this solution by iteratively exploring large
neighborhoods. New path-based neighborhoods and their associated destroy and
repair operators were introduced in this ALNS. These operators work on various
combination of order routes.
The proposed ALNS contains two blocks of adaptive neighborhood search heuristics,
where systematically choose a destroy and a repair operator to modify solutions
and find improvements. These operators have selection weights, and depending on
how well they perform, a scoring mechanism updates their weights. Therefore, wellperforming operators get higher chances of being reselected. A modified scoring is used
in this chapter, where not only solution quality is checked, but also the computation
time of operators are considered.
The proposed ALNS uses a short-term Tabu search to add more diversification to its
search and prevent redundancies, but a long-term memory was also added to exploit
unvisited parts of the solution space by looking at the neighborhoods of the order
routes that have not been investigated often.
The proposed algorithm is fast, does not take up much memory, and provides good
solutions. It is even able to find solutions for the instances that a state-of-the-art MIP
solver cannot find any solution for. The only weakness of the proposed algorithm is in
its assignment heuristic. In instances with less than 1000 orders, this heuristic results
in more expensive solution, compared to when its assignment problem is solved by a
state-of-the-art MIP solver.
Possible future work can be to improve the assignment heuristic, for instance by
adding an iterative local search to improve the obtained assignment. The proposed
ALNS in this chapter was designed to solve a tactical planning level problem. Another
extension is to study the operational planning level problem, where this assumption
is relaxed that the information on all coming orders is available, and the solution
algorithm responds to day-to-day changes and new demand. This is the subject of
Chapters 5 and 6.

Part III

Operational Planning

Chapter 5

A Rolling Horizon Framework
for Operational Planning of
Long-haul Transportation of
Perishable Product
The multimodal long-haul transportation planning problems studied in this thesis
are grouped into tactical and operational planning problems. In Chapters 3 and
4, the tactical planning problems were described and modeled, and a metaheuristic
algorithm to solve practical sizes was proposed. Tactical planning problems see the
world as static, while in practice, the world is constantly evolving. Operational
planning problems on the other hand, assume the world to be dynamic, and aim
to optimally respond to the system changes and new information. The current
chapter aims to frame the operational planning problem of long-haul transportation
of perishable products, its structure, and elements. Section 5.1 starts with describing
this problem. Section 5.2 gives an overview on the relevant literature, and Section 5.4
explains the proposed rolling horizon framework, its properties, and essential settings.
In Section 5.5, a comprehensive computational analysis is presented, and finally, in
Section 5.6, some concluding remarks are provided.

5.1

Problem Description

On the operational floor of a transportation system, hundreds of loaded and empty
units and items are handled and moved on sight, and the people sitting in the
control tower are constantly observing dynamics of the operations and outside world,
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receiving new customer demands, comparing practice with the plans on paper, and
making decisions in response to these changes. For this purpose, companies use
Decision Support Systems or Softwares (DSS), where they can monitor and control
the evolution of operations, collect and analyze data, make new decisions, and finally
execute the relevant plans. Operational planning problems are defined at the heart
of such DSS’s.
One might argue that operational plans are not needed and tactical plans are sufficient
for execution. The problem is that tactical plans are fixed and based on aggregate data
and estimations, they can only provide an overall perspective even if they include some
level of uncertainty in the planning. The operational planning problem of long-haul
transportation of perishable products is non-stationary, meaning that there might
be days that customer demands are more volatile than expected, and a fixed flow
and repositioning plan might not fully and efficiently fulfill them [Sethi and Sorger,
1991]. For instance, if demands are much higher than expected, in order to satisfy
customer requirements, last-minute expensive fleet options are employed. On the
other hand, if demand is much less than expected, the a priori planned fleet might
become underutilized, which is again costly. Operational planning problems are then
defined to include decisions on needed flexibility while ensuring efficiency.
In order to understand the operational planning, its decisions and objectives, first,
it is important to understand its structural differences to the tactical planning
problems. Similar to tactical planning, operational planning deals with utilizing
a given transportation infrastructure by choosing the best services and associated
modes, efficient allocation of their capacities to customer demands, and management
of all resources involved. However, in operational planning,
 the time interval between each two consecutive decision making occasions,
 and the planning horizon these decisions are made for,

are shorter. For instance, if in tactical planning, decisions are made at the beginning
of each month to plan the operations of the coming month, in operational planning,
decisions are made at the beginning of each day to plan the operations of the next
72 hours. Therefore, at each decision making occasion, there are plans from previous
occasions that have not been executed yet. For instance, a truck has been planned to
be called tomorrow, but it will be reconsidered in the operational planning problem
of today in case there are better consolidation options and cheaper modes.
The length of time intervals depends on how fast a system evolves, and how frequent
new decisions should be made. For instance, in distributing perishable products inside
a city where the traffic constantly changes, the time intervals are close to real-time,
while in long-haul transportation of perishable products where some transportation
modes have fixed routes and timetables, the length of time intervals is a matter of
hours or days. The length of planning horizons on the other hand, depends on how far
and how detailed the information needed for making new decisions are accessible. For

5.1 Problem Description

91

instance, in long-haul transportation of perishable products, if the revealed customer
orders should all be delivered by 72 hours, and the information on availability of
transportation modes and their schedules for the coming week is at hand, the length
of planning horizon is set to 72 hours or a week.
Now, assuming 1) the data collection method and the decision moments given, 2) the
current decision making occasion is not the initial one (or in other words, this is not
the first decision making occasion), and 3) assuming to have access to the operational
plans and state of the system from previous decision making occasions, the main
decisions of the operational planning problem are as the followings:
 flow of new products (new customer demand),
 new and updated repositioning of Returnable Transport Items (RTIs),
 new and updated selection of transport modes and schedules to do these jobs.

Similar to the previous chapters, the main decisions are defined on RTI flow,
repositioning, handling, and holding throughout the network and over the given
planning horizon. Then, the role of updated decisions in a particular planning horizon
is to look for opportunities to consolidate new RTI flows with the old ones.
Demand is represented by orders. Orders arrive to the system at different time periods
of a time interval, and future orders of future intervals are unknown. An order is
characterized by its pair of origin and destination locations, its volume, its pickup
and delivery schedules, and its freshness requirements. Since RTIs are the loading
units used to transport the products, the order volume shows the number of RTIs
(e.g. 2 trolleys) needed to transport products from the origin to the destination. The
products can be picked up and loaded onto the RTIs at an earliest given time, and
should be delivered to the destination and unloaded at an latest given time. These
schedules are not definite though, and as long as the order is transported within the
length of this schedule, its flow is feasible. For instance, an order might be held for
a few hours at its origin destination before it is loaded and transported. Similar to
Chapter 3, product freshness is approximated by a Time Temperature Sum (TTS)
measure, and a maximum limit is enforced on the TTS of orders.
In order to transport RTIs over the given planning horizon, fleets of different
transportation modes over the coming planning horizon are assumed available
throughout the network. Each transport mode has its given schedules, and its vehicles
operate based on them. Each mode has a specific temperature, showing for example
the temperature inside a truck trailer, a train car, or a barge storage room. Also,
the vehicles are capacitated, and there are limited number of vehicles available for
each transport modes. In comparison to tactical planning problem however, the
characteristics of available fleet is dynamic, and from one time interval to the next,
might be different.
The objective function of operational planning problems can also be dynamic, if
costs of available transportation modes and services change over different planning
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horizons. For instance, it might be cheaper to rent a truck tomorrow than to rent it
today. Moreover, depending on how much operations are based on a priori fixed plans,
an objective function of operational planning problems can have different forms. If
operations have no fixed plans, the objective function can have a form similar to
a tactical counterpart but with dynamic costs, but if there are fixed plans, there
might be defined penalties on how much operations deviates from these plans, and
the objective is to minimize the deviations. For example, in case a reserved train
service is canceled, a cancellation charge should be paid. In this chapter, the objective
function is to minimize total operational costs, including flow costs of the loaded RTIs,
flow costs of the assigned and repositioned empty RTIs, locational costs, and finally,
costs of using the modes, over all rolled planning horizons. Note that there is no
cancellation or change of path for the moving vehicles on their routes.

5.2

Related Literature

Operational planning problems in the transportation planning literature, depending
on how and when data is collected and decisions are made, are referred to as dynamic,
real-time, or online planning problems. Moreover, depending on whether uncertainty
of future events and their anticipation is included, they are divided into deterministic
and stochastic planning problems. The decisions in this chapter are made only based
on the known information on customer demand and system evolution, therefore, this
section only reviews literature of deterministic planning problems.
There is a vast literature on studying these classes of problems for distribution
planning, modeled as Vehicle Routing Problems (VRPs) . Ghiani et al. [2003], Larsen
et al. [2008], Gendreau et al. [2015] give an overview on the recent dynamic and realtime VRPs. In dynamic VRPs, Chen et al. [2006] and Schönberger [2010] propose
rolling horizon frameworks for their dynamic vehicle dispatching problems, where at
certain decision occasions, their vehicle routes are re-optimized based on new revealed
customer demands. Yang et al. [2004] is another example of using rolling horizon
approach for a dynamic truckload pickup and delivery problem. Yang et al. [2004] used
different policies, either with complete re-optimization or simple heuristic updating,
and show that re-optimization outperforms other policies. Mitrović-Minić et al. [2004]
also study a dynamic pickup and delivery problem with time windows and embed
short-term and long-term planning policies into their rolling horizon algorithm. In
all these examples, the decision timing and the time intervals are fixed, and decisions
are made at the given time occasions. In comparison, in real-time or online VRPs,
decision timing and time intervals are not fixed, time is modeled continuous, and
decisions are made where an event (such as arrival of a new customer order, or a
network disruption) happens. Gendreau et al. [2006] study a real-time pickup and
delivery problem where customer demands come in real-time. They propose a Tabu
Search (TS) heuristic with neighborhoods based on ejection chains to insert the new
customer demand into their plans. Hong [2012] also study a real-time VRP with
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hard time windows where customer demand come in real-time. They propose a
Large Neighborhood Search (LNS) algorithm to insert the new customer demand.
Li et al. [2009] on the other hand, study a real-time pickup and delivery problem
with service disruption (e.g. vehicle breakdown), where they reroute the vehicles
in real-time. They propose a Lagrangian relaxation based heuristic. A dynamic
programming based algorithm heuristically solves the shortest path problems with
resource constraints that result from the Lagrangian relaxation.
On dynamic or real-time long-haul transportation planning literature, where the
problem is deterministic, Choong et al. [2002] present a Mixed-Integer Program
(MIP) for a real-world empty container management system, and analyze the
effect of length of the planning horizon on the quality of distribution plans and
their outsourcing. They show that in general, a rolling horizon results in better
outsourcing and distribution plans, and more usage of cheaper transportation
modes. Erera et al. [2005] present a MIP for the operational planning of a
multimodal tank container where they integrate planning the repositioning of
containers with their routing. Then, they run the model on daily or weekly rolling
horizon framework, implementing different repositioning strategies, namely, weekly
repositioning, bounded daily repositioning, and unbounded daily repositioning. They
show that daily repositioning is more advantageous than a weekly repositioning.
Bandeira et al. [2009] model an integrated empty and loaded container transshipment
system and propose a decision support system that for each time period, it first
generates empty container orders, solves a static minimum cost MIP, and dynamically
updates and controls the obtained plans over the following planning time periods.
Nielsen et al. [2012] study the real-time disruption of railway transportation, and
propose a rolling horizon approach which only considers the information of certain
time horizons in train rescheduling. They present several computational analyses
including the relation between the solution quality and the length of the horizons.
Rakke et al. [2011] model an annual planning inventory routing of liquefied natural
gas as a MIP. The problem size is too big, therefore, they solve its sub-problems
via a rolling horizon heuristic. In their approach and at each horizon, they use
some simplified forecasts about the future periods, and while fixing the solution of
previous periods, they solve the sub-problem of that horizon. Bock [2010] introduces
a real-time-oriented control approach for efficient consolidation and transshipment
and dynamic handling of disturbances such as vehicle breakdown and accidents. He
uses rolling horizon approach where some decisions are fixed and the plans for new
time intervals are simulated. Bock [2010] designs a metaheuristic algorithm based on
a Variable Neighborhood Search (VNS) which applies dynamic neighborhood search
for generating new plans. Ahmt et al. [2015] present a MIP model and several valid
inequalities for a container positioning at a terminal and then solve the large instances
of this problem with a rolling horizon based heuristic. Cordeau et al. [2015] embed
a routing problem with heterogeneous fleet into a rolling horizon algorithm in order
to incorporate the dynamics of new requests and the loading capacity of the fleet. In
this algorithm, on a rolling horizon, a heuristic is used to select vehicles, an Iterative
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Local Search (ILS) is used to update the routing, and a branch and bound search
is used to check the feasibility of the loading. The algorithm also incorporates a
mechanism to balance demand and vehicle usage in a dynamic setting. They also
provide several analyses on parameter tuning of this algorithm. van Heeswijk et al.
[2016] study a real-time multimodal transportation planning where a “best k-route”
generating heuristic is used to find routes for each arriving orders, and a consolidation
heuristic is called to find the best re-consolidation option for this order among the
previously planned orders.
This chapter adds to the abovementioned literature by proposing a rolling horizon
framework containing an ALNS, to solve the operational planning of multimodal
transportation of perishable products and repositioning of empty RTIs. The following
section provides the modeling approach.

5.3

Modeling Approach

In order to model an operational planning problem, the following questions should be
answered:
 What is the new data that should be collected and considered in operational
planning,
 How to collect the new data,
 When to collect the new data,
 When to make decisions (or in other words, when to respond to the new data),
 And what decisions to make.

Answers to these questions frame the model. In this chapter, it is assumed that the
technological infrastructure and process for collecting the data is already available.
New data are the ones introduced in Section 5.1. Depending on when the data is
collected and how long after that the new decisions are made, there are three types
of operational planning modeling [Powell et al., 1995, Pillac et al., 2013]:
 Time-based planning: in these problems, there are fixed time intervals (e.g.
every 12 hours), at the end of which new decisions are made. The data used for
making new decisions are the current state of system, as well as newly collected
data during the last time interval. These types of dynamic problems are usually
discrete, and can be easily extended from their static planning counterparts.
 Event-based planning: in these problems, there is no fixed time interval, and new
decisions are made as soon as new data (e.g. a new customer order) is realized,
or the state of system changes (e.g. a vehicle arrives to its destination). These
types of problems can be discrete or continuous, depending on the frequency of
event and the urgency of responding to them.
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 Real-time planning: in these problems, decisions are continuously made. If
time-based problems have very short time intervals, they can be defined as
real-time planning problems. Event-based problems also can become real-time,
if they receive new data in very high frequencies. These planning problems
require a good real-time supporting technology (e.g. RFID technology, online
telecommunication and tracking), and their plans should be practically feasible
(e.g. modes have flexible routes), otherwise, classifying an operational planning
as real-time is not wise.

The Operational planning problem of this chapter belongs to the time-based planning
class. Customer orders arrive in different hours of the day, and their delivery
requirements span over several hours (and even days). Moreover, in multimodal
transportation, where some modes have fixed timetables or routes, the moment they
start their operation, they cannot change their route or schedules. As a result,
continuous type of modeling does not bring any significant value to operational
planning of multimodal transportation. Of course, their operation might be
unexpectedly disrupted, but disruptions are not exclusively considered in this chapter,
and the available modes and services, which can be different from one time interval
to the next, are assumed reliable.
In time-based planning, a reoptimization method periodically solves a static problem
corresponding to the current data and system state [Pillac et al., 2013]. This
reoptimization problem can be limited or complete. A limited reoptimization is used
where limited changes to the state of system are allowed or desired. For instance in
event-based planning, when a new customer order arrives, the reoptimization problem
can be formulated to find the cheapest transportation option for that order only,
and the rest of orders are not included in the reoptimization problem. In contrast,
a complete reoptimization problem includes all customer orders and is allowed to
change all parts of the system state, as long as they are not fixed (e.g. the vehicles
have not started their transport). In long-haul transportation of perishable products,
consolidation is the key factor in decreasing operational costs, therefore, in this
chapter, a complete reoptimization setup is used.
The advantage of using periodic reoptimization is that its solution algorithm can
be based on the ones developed for static problems. The operational planning
problem of long-haul transportation of perishable products with RTI management
is an extension to the Fixed-charge Capacitated Multicommodity Network Flow
Problems (FCMNFP). There are many papers in this literature proposing models
and algorithms which could be extended and embedded in a periodic reoptimization
framework. Examples can be found in Chapter 2.
The optimization problem that is periodically solved, has an infinite planning horizon
in nature, meaning that there is no ending time period or ending system state to be
reached. In the operational planning problem of this chapter however, customer
orders that are revealed over the last time interval, have delivery deadlines, and
they all need to be delivered by the latest delivery deadline among them (e.g. 72
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Figure 5.1 Rolling horizon framework

hours). Repositioning operations also do not take more than a few hours or a few
days. In addition, the data on available transportation modes over a long horizon
is not accessible, and if accessible, they are not useful. Transportation companies
and logistics service providers usually reveal their available capacity and price until a
certain time in the future (e.g. only for the next three months), and since all revealed
orders and all repositioning jobs are comparably done within a shorter period (e.g.
two weeks), there is no need to stretch the planning horizon farther. As a result,
the infinite optimization problem is truncated into a smaller planning problem with
a finite and short planning horizon T , which is rolled after a certain time interval of
τ (e.g. after every 12 hours). τ hence denotes the length of a roll.
This approach is called rolling horizon approach. Rolling horizon approaches are very
useful in handling large-scale or dynamic problems. The only drawback of using a
rolling horizon framework is the possibility of ending up with suboptimal solutions.
In this research, since the size of problem and the amount of details in practice is
huge, finding a good solution in reasonable time is much more important than finding
the optimal solution.
In this rolling horizon approach, at the end of a roll φ, the process of collecting new
data is stopped, and then a reoptimization problem with time periods t = φ, φ +
1, . . . , φ + T is solved (by either an exact or heuristic algorithm) to derive new plans
and adjustments for the following horizon of T (Figure 5.1). Then, the new plans are
executed until the end of roll φ + 1. The collected data includes the set of new orders
arrived during roll φ, as well as the state of the system and resource availability by
the end of roll φ.
The periodically solved reoptimization problem is a roll-dependent version of the
planning problem of Chapter 3. Similar to that chapter, the physical transportation
network is characterized by i = 1, . . . , N hub locations, and arcs (i, j) representing
different routes connecting these locations. Between each location pair, at least one

5.4 Rolling Horizon Framework

97

transportation mode m can operate. Each of these modes has its own capacity,
maximum number of available vehicles per time period, speed, temperature, fixed
cost per hour, fixed costs per vehicle, and variable costs per RTI per hour. However,
these parameters might differ from one roll φ to the next. The locations also have
their own operation time, temperature, and holding cost per RTI per hour, which can
again be roll-dependent. Locations are assumed to be uncapacitated regarding the
number of operations they can do, the number of RTIs they can hold, or the number
of vehicles they can accommodate.
An order coming to the system during roll φ, is characterized by the number of
RTIs needed to load and transport products from an origin location to a destination
location. Each order has an earliest pickup time which is later than or equal to
t = φ, a latest delivery due date, and a Time Temperature Sum (TTS) measure which
represents the total time that products can be transported in different temperature
regimes.
The length of the planning horizon T is now set to be equal to the latest delivery due
date among all collected orders of roll φ.
The objective function of the truncated problem is then to minimize total operational
costs, including flow costs of the loaded RTIs, flow costs of the assigned and
repositioned empty RTIs, locational costs, and finally, costs of using the modes, over
the planning horizon T .
In the next section, the rolling horizon framework of this chapter is explained in detail.

5.4

Rolling Horizon Framework

Chapter 3 presented a MIP for multimodal transportation planning problem of
perishable products and RTI repositioning, and Chapter 4 introduced an Adaptive
Large Neighborhood Search (ALNS) Algorithm to solve it.
In this chapter, the same MIP is embedded in the proposed rolling horizon framework,
and the same ALNS is used to solve this MIP. The algorithm is fast and in less than a
computational time of 15 minutes, it can provide good quality solutions for instances
with around 2000 orders.
In this section, the structure of this framework is described in detail. First, the
state of system and a solution of the reoptimization problem are defined. Then, the
reoptimization process by the ALNS is explained, and finally, some updating strategies
are proposed.
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5.4.1

State of System and Roll Solution

First, it is necessary to have a clear picture of what the state of system is, to later
explain how this state evolves and is updated. The state of system is defined by the
state of different parts of the solution at the end of roll φ. Similar to Chapter 4, a
solution in this framework contains:
 a set of orders, to keep track of planned, unplanned, and newly arrived orders.
An order at the end of roll φ has one of these states: new, not planned, and
planned. The orders with either of the first two states have not been planned.
However, some orders have been revealed in earlier rolls but due to some
circumstances such as shortage of empty RTIs, have not been planned and were
pushed forward to roll φ. If the deadline of such orders is passed, they become
lost sale.
 a set of RTI positions, with location, availability time, and volume. It is similar
to the inventory concept indicating at which time period, how many RTI are
available at a location. This set is then used for assigning empty RTIs to orders,
when needed. If empty RTIs need to be repositioned, empty orders are generated
and added to the set of all orders.
 a set of routes, representing the scheduled flow of (loaded or empty) RTIs.
When an order is planned, a route is generated for it. Therefore, the set of
routes represents only planned orders. A route at the end of roll φ has also its
own states: not started, on-route to the destination, on route to a transshipment,
and completed. A route does not start until its planned depart time fits in roll
φ. If a route starts, its state changes to on-route. However, depending on
whether the next location on the route is the destination or a transshipment
location, its state is different. From planning point of view this is important
because the routes that have started moving RTIs, but are not on their way to
the destination location, can also be considered in the replanning strategy of
this framework. A route that has an on-route to the destination state is not
included in the replanning. Finally, a route is complete when the RTIs arrive
to the destination location during during roll φ.
 a set of fleets, where each member represents the mode used for moving these
flows. A member fleet can have either of these states: used or unused. The used
fleet are the ones transporting RTIs on the routes with on-route states. The
others are the fleet that have been included in the plans but their departing
time is not in roll φ. Unused fleet are incorporated in the replanning strategy,
to find future consolidation options.

The state of system as described above is placed in a roll solution. A roll solution zφ
is the solution of roll φ, and depending on the adjustments and changes, it transforms
into a different solution zφ+1 for roll φ + 1. When a route of a planned order is
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Figure 5.2 An overview of the data flow in a roll, based on orders

completed, the order and its route are removed, but its statistics are kept in the
history. Likewise, if a vehicle in the fleet has arrived to its destination in roll φ, it will
be removed from the solution and only its statistics are kept. Removal of these parts
prevents useless occupation of memory and extra solution search efforts. Figure 5.2
gives an overview of the data flow in each roll φ.
A roll solution is then given to the MIP of Chapter 3, which has now roll-dependent
right-hand side values and cost coefficients. This problem is still too complex to be
solved by a state-of-the-art MIP solver. Therefore, a heuristic algorithm such as the
proposed ALNS of Chapter 4 is needed to solve it.

5.4.2

ALNS and Planning Process

Figure 5.3 shows the planning process of the rolling horizon framework. Based on the
state of system or the roll solution and new data revealed during roll φ, at the end of
the roll, the ALNS is employed to reoptimize and update the roll solution zφ . Chapter
4 presents a complete description and a comprehensive computational analysis on the
performance of the ALNS used here.
Since this is a complete reoptimization process, at first, all parts of the roll solution φ
that are not fixed and have not been executed yet, are destroyed. The destroyed parts
include routes, repositioning orders, and some of the fleets that were not reserved
or called yet. Then, the related orders that should be replanned are added to the
revealed new orders, the list of all available transportation modes are collected, and
the position of all RTIs around the network is recorded. Afterwards, a new initial
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Figure 5.3 The planning and execution process

solution is generated by first finding assign and reposition plans of empty RTIs, and
then, constructing all routes. In case some parts of a route were fixed due to previous
executions (e.g for on-route orders to a transshipment), the remaining destroyed parts
are now replanned. After generating the initial solution, this solution is improved
iteratively by systematically using the designed destroy and repair operators of
Chapter 4. However, in comparison to that chapter and to promote finding cheapest
transportation solutions for today, here more selection chances are given to the orders
that have earlier pickup times in a planning horizon T . In other words, routes and
flow plans of today have higher priority in the ALNS to be improved than the plans
of tomorrow. Figure 5.4 gives an illustration of the time-based classification that is
used to choose orders to destroy. The weights are α1 , α2 , α3 . The more weight given
to α1 , the more concentration is on checking the earlier orders in the improvement of
the roll solution.

Figure 5.4 The time-based weights of order selection in a destroy operator

This replanning process has a CPU time limit (e.g. 15 minutes), and as soon as it
stops, the new roll solution zφ+1 is executed. Execution of plans in practice can be
translated as the instructions that are sent to relevant departments to reserve the
employed transportation modes, start loading/unloading operations, transportation,
etc.
The execution continues and the changes to the state of system is observed, recorded,
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and updated, until the next round of planning at the end of roll φ + 1, where the
updated roll solution zφ+1 is again reoptimized, considering the new data revealed
during roll φ + 1.

5.5

Computational Results

In this section, the computational results are presented, and the sensitivity of solutions
to different rolling horizon settings and policies is tested.
The setup of the test sets and their inputs are similar to Chapter 4. The instances
are categorized in three groups of 7, 11, and 20 hub locations, where the first group
only includes the hubs in the Netherlands, the second group includes the hubs in the
BeNeLux region, and the third group includes all hubs. There are three classes of
truck, train, and barge transportation modes and truck connections are assumed to
be available between all pairs of locations, which is reasonable. However, that is not
the case for trains and barges. Figure 4.7 in Chapter 4 gives an illustration of the
real-world rail and water connections between each pair of locations in the network.
Out of 20 hub locations, two are inbound hubs where the products come from all
around the world to get sold, sorted, and consolidated for the shipments.
The storage locations of empty RTIs are assumed to be in these inbound hubs, and it
is required that a certain number Si (≥ 0) of empty RTIs (e.g. 5000 trolleys) should
be available at these locations at beginning of each week.
In order to have an real-time order arrival setup, the order set of previous chapters
have been split into orders with smaller volumes, dispersed throughout the entire year,
in hourly basis. To keep the computations manageable and the length of this chapter
reasonable, the whole year is not investigated though. A season was chosen and it
was divided into three instances recognized by month = 1, 2, 3. It is argued that the
chosen instances represent enough variety to guarantee the generality of the analysis,
especially due to their day-to-day and weekly variations indicated in Chapter 1.
All settings and parameters of the ALNS engine in this chapter have been tuned
similar to those presented in Chapter 4. However, α1 , α2 , and α3 are set to 0.6, 0.2,
and 0.1 respectively. Moreover, a maximum CPU time limit of 15 minutes is set as
the stopping criterion of the ALNS in each roll.
In the reminder of this section, first overall results are provided, then various
investigation on the sensitivity of solutions to different parameter settings is tested.
Moreover, the results of complete reoptimization and partial reoptimization are
compared. Note that in most of the analysis, τ is set to 12. The reason is that
in practice, plans are updated every 12 hours.
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Table 5.1 Overall cost distribution and lost sale
Average
Lost Sale
(%)

n

month

Average
Flow
Cost

7
7
7

1
2
3

268,839
256,487
209,180

201,848
224,427
159,209

386,210
387,114
330,972

21,317
23,301
17,419

856,897
868,028
699,361

0.28
0.71
0.44

11
11
11

1
2
3

405,862
352,499
309,535

230,820
315,893
237,516

643,367
662,216
597,945

27,897
27,024
26,814

1,280,049
1,330,607
1,144,996

0.52
0.58
0.44

20
20
20

1
2
3

1,083,788
1,005,390
845,922

539,814
563,741
493,073

1,404,635
1,438,950
1,309,682

127,961
131,367
105,221

3,028,237
3,008,081
2,648,678

0.88
0.67
0.76

Average
Repositioning
Cost

Average
Fixed
Cost

Average
Transshipment
Cost

Average
Total
Cost

Note: τ = 12

T
T

11
11

Naaldwijk
Aalsmeer

T
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

20
20

Naaldwijk
Aalsmeer

T
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

Paris

T
T

Marseille

Brussels

Luxembourg

T
T

Bordeaux

Liege

T
T

Hamburg

Antwerp

T
T

Berlin

Nijmegen

Naaldwijk
Aalsmeer

Munchen

Eindhoven

Groningen

7
7

Munster

Rotterdam

Outbound hubs

Bremen

Inbound
hubs

Dusseldorf

n

Amsterdam

Table 5.2 Top multimodal combinations for forward flows between pairs of locations

B
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

T
T

Note: T=Truck,R=Train,B=Barge

5.5.1

Overall Results

In this section, the distribution of total system cost among fixed and variable costs is
shown. As seen in Table 5.1, around 50% of the total costs belong to the fixed costs
paid for using the transport mode, and between 2% − 4% are transshipment costs.
To give an idea of how transportation modes are employed in the roll solutions over
the length of three months, Tables 5.2 and 5.3 show the most used combination of
modes in forward and backward flows, respectively. Of course, there are many more
combinations in the results, but these combinations have the heaviest flow traffic over
the length of three months between each Origin-Destination (OD) pair. Table 5.2
clearly shows that due to the critical quality requirements on products, direct truckonly option is still mostly used, except for OD pair of Naaldwijk to Dusseldorf, where
interestingly barges are mostly used.
Table 5.3 in comparison shows more mode combination diversity in backward flows
(repositioning empty RTIs). Of course, the interplay between transshipment and fixed
costs influences the combinations; more expensive transshipment compared to fixed
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Table 5.3 Top multimodal combinations for backward flows between pairs of locations
n

7

11

Outbound hubs

Naaldwijk

Aalsmeer

Naaldwijk

Inbound hubs
Aalsmeer

Amsterdam
Rotterdam
Eindhoven
Groningen
Nijmegen
Antwerp
Liege
Brussels
Luxembourg
Dusseldorf
Bremen
Munster
Munchen
Berlin
Hamburg
Bordeaux
Marseille
Paris

T
T
T
B-R

T
T-R,T-B
T-R
T,T-B-R-B
T,B-R-B

T
T
T
B-R
T,B
T
T,T-R
T

T
T,T-R
T,T-R
T,T-R-R,T-R-B,T-R-B-B
B-R-R,B-R-B
T,B-B
T,T-R
T-R-R
T-B,T-R-R-B

20
Naaldwijk

Aalsmeer

T
T
T,T-R
T,B-R
T,B
T
T
T
T
T
T
T-R
T
T
T,B

T
T
T,T-R
T,T-R-B,T-R-R,T-R-B-B
B-R-R,B-R-B
T,T-R-R,B-R,B-B
T,T-R
T,T-R-R
T-R,T-B
T,B-B
B
T-B-R-B,T-R-B
T,T-R-R-B
T,T-R-R,T-B-B
T
T
T,T-R
T,T-R-R

Note: T=Truck,R=Train,B=Barge

costs results in more direct transportation, while cheaper transshipment increases
the mode switch around the network. Note that there are no restrictions on the
possible number of transshipments, therefore, mode combinations with 3 or more
transshipments can be witnessed as well.
As seen in Table 5.3, truck-only options are still used for OD pairs such as Rotterdam
to Naaldwijk or Liege to Naaldwijk where almost all backward flow traffic is moved
by trucks. On the other hand, for flows going out of location Nijmegen, the mode
combination of barge and train is used to transport most of the backward flows.
Exploring these differences and trends in forward and backward flows, is not
straightforward. There are many variables involved that could influence these
behaviors. The time of day orders arrive, their delivery and TTS requirements, their
volume and whether they can be consolidated with other orders of similar customer
locations, are the first set of variables. Availability of multimodal transportation
(Figure 4.7) for these locations, and their distance to inbound hubs is the second set
of variables affecting the results. For backward flow highlighted truck usage, it might
be due to the fact that these locations are in the Netherlands and Belgium, and there
are many customers with high frequency of daily orders but with low volumes in these
locations. Thus, the final roll solution finds it most efficient to reposition empty RTIs
as fast as possible and by trucks. For forward flow exception of location Dusseldorf,
it is a city with direct truck, train, and barge connections. It has less customers with
less frequency of orders but with higher order volumes. It is not far from the inbound
hub locations and there is enough economy of scale for choosing direct barge as the
main transportation mode.
These results were collected for a rolling horizon framework with τ = 12. In the
followings, the sensitivity of solutions to different parameter setting is investigated.
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Table 5.4 Comparison of the influence of length of a roll
6 hours

12 hours
Average
Lost
Sale
(%)

24 hours

48 hours
Average
Lost
Sale
(%)

Average
Lost
Sale
(%)

n

month

Fixed
Cost
Diff.
(%)

20
20
20

1
2
3

61
53
51

44
37
36

-64
-13
-50

1,404,635
1,438,950
1,309,682

3,028,237
3,008,081
2,648,678

0.88
0.67
0.76

-52
-54
-56

-49
-50
-54

2.59
4.57
10.72

-64
-66
-64

-54
-56
-54

5.67
5.15
5.11

Average

55

39

-42

-

-

0.77

-54

-51

5.96

-65

-55

5.31

Total
Cost
Diff.
(%)

Average
Fixed
Cost

Average
Total
Cost

Average
Lost Sale
(%)

Fixed
Cost
Diff.
(%)

Total
Cost
Diff.
(%)

Fixed
Cost
Diff.
(%)

Total
Cost
Diff.
(%)

Note that the following analyses are only tested on instances with 20 locations. They
have the full-scale network, and it can be argued that similar results are obtained
for other instances. The highlighted columns show the base results to which the
sensitivity analysis is compared.

5.5.2

The Length of a Roll

One of the most important aspects of designing a rolling horizon framework is the
length of each roll. The longer τ is, the more data is collected, but at the price of
delaying the planning. In this section, the roll length of τ = 6, 12, 24, and 48 hours
are chosen for analysis. Table 5.4 shows the results.
By increasing τ , it can be seen that the total system cost is decreased by even 50%.
This difference is even more for the fixed costs. The more information available on
orders, the more flexible and consolidated transport there are to plan. However, this
comes at the price of increasing lost sales which is the result of hard product quality
requirements, especially for orders with far destinations among the 20 locations. By
reducing τ from 12 to 6 hours, lost sales decrease, but the costs significantly increase,
which shows that real-time decision making without further anticipation of future,
results in solutions where the plans are not efficient and the resources are wasted.

5.5.3

Partial versus Complete Reoptimization

Sections 5.3 and 5.4 indicated that the periodically solved reoptimization problem
inside the framework is a complete problem, where all parts of a roll solutions that
have not been fixed or executed, is replanned. In this section, the results of a complete
reoptimization framework is compared to a partial reoptimization framework, where
the initial plans are all fixed to be executed, and only new orders are considered in
the reoptimization process. Table 5.5 shows that without replanning, fixed costs and
total system costs can increase by an average 10.57% and 12.18%. Lost sales also
increase without replanning, but not as significant as the system costs. These results
show that a complete reoptimization provides more consolidation opportunities by
including all new and old orders into the replanning.

5.6 Conclusions
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Table 5.5 Comparison of rolling horizon solutions with partial and complete
reoptimization
Complete Reoptimization
Average
Fixed
Cost

Partial Reoptimization

Average
Lost Sale
(%)

Average
Total
Cost

Fixed
Cost
Diff. (%)

Total
Cost Diff.
(%)

Average
Lost Sale
(%)

n

month

20
20
20

1
2
3

1,404,635
1,438,950
1,309,682

3,028,237
3,008,081
2,648,678

0.88
0.67
0.76

11.09
10.90
9.74

13.22
13.18
10.15

1.17
2.01
4.08

Average

-

-

0.77

10.57

12.18

2.42

Table 5.6 Comparison of different inventory repositioning percentage
ξ = 100%

ξ = 80%

ξ = 50%

ξ = 20%

ξ = 0%

Average
Lost
Sale
(%)

Repositioning
Cost Diff.
(%)

Average
Lost
Sale
(%)

Repositioning
Cost Diff.
(%)

Average
Lost
Sale
(%)

Repositioning
Cost Diff.
(%)

Average
Lost
Sale
(%)

Repositioning
Cost Diff.
(%)

Average
Lost
Sale
(%)

n

month

Average
Repositioning
Cost

20
20
20

1
2
3

539,813
563,741
493,073

0.88
0.67
0.76

-2
0
-6

0.88
0.65
0.75

-2
-17
-17

0.97
0.78
0.74

-23
-19
-41

3.88
7.10
24.75

-86
-93
-96

50.26
84.61
90.51

Average

-

0.77

-3

0.76

-12

0.83

-28

11.91

-91

75.13

5.5.4

The End of Week RTI Repositioning

In the horticultural industry, a traditional rule has been enforced that an inventory
Si (≥ 0) of empty RTIs (e.g. 5000 trolleys) should be available at the inbound hub
locations at beginning of each week. In the rolling horizon framework therefore, at
the end of each roll, the ALNS checks the inventory level of these locations, and
if the end-of-the-week inventory level becomes less than ξ = 100% of Si , empty
orders are generated to add repositioning plans to the roll solutions. In this section,
less percentages for ξ are tested to see whether ξ = 100% inventory repositioning is
necessary for an optimal planning.
Table 5.6 compares the repositioning costs and lost sale of the rolling horizon solutions
with 0, 20, 50, 80, and 100% inventory level percentages. As shown in this table, by
decreasing this percentage, the average lost sales increase rapidly for a percentage
below 50%. Assuming a maximum acceptable lost sale of 1.00%, the roll solution
should make sure that by the end of a week, at least 50% of the inventory is
repositioned. On the other hand, there is not much difference between repositioning
costs and lost sales of cases with 80 and 100 inventory level percentages. Therefore,
an inventory repositioning percentage of 100% might indeed not be necessary.

5.6

Conclusions

This chapter studied the operational planning of multimodal transportation of
perishable products, taking product quality preservation, RTI management, and the
dynamics of transportation order arrivals into account. Such a problem is at the heart
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of any DSS used in practice.
A rolling horizon framework was presented, where the MIP of Chapter 3 with dynamic
parameters and inputs is periodically reoptimized by means of a modified version of
the ALNS algorithm of Chapter 4.
The presented framework was tested on three sets of 7, 11, 20 location instances over
total time period of three months. The overall results show that product perishability
enforces truck-only forward flows in general, but when economy of scale allows and
it is time-wise feasible, barge is also favored. For backward flows of empty RTIs,
this transportation system makes a good use of the multimodal infrastructure, but
if economy of scale does not allow, and RTIs should be urgently repositioned, trucks
are substantially used.
The length of a roll, denoted as τ , also has a significant influence on the quality of
solutions, showing a trade-off between the costs and lost sale. The shorter (closer
to real-time) τ is, the less sale is lost. However, because less orders were collected
and there is no anticipation of what future orders would be, the operational costs
increase due to less consolidation possibilities and less flexibility. For shorter τ for
example, an order might be planned to start its transport right in the next roll with
transport modes dedicated only to this order, while with longer τ , the same order
might be consolidated with other ones, resulting in less usage of modes. The average
acceptable total lost sale is a key to choose the best τ . A replanning strategy, as
shown in the results, significantly improves this, and it is necessary not to exclude
future roll plans, if they have not been executed yet.
Finally, compared to practice, where 100% of the empty RTI inventory are repositioned by the end of week, the presented analysis show that a 100% repositioning is
not necessary. The trade-off between costs and acceptable total lost sales is reached
by having a repositioning rule between 50% and 80%. It is important to note that this
repositioning rule might have a different value or setup for other perishable industries.
Possible future work can be to include the uncertain nature of some system elements.
The horticultural sector of the Netherlands deals with highly perishable and valuable
products, and even a small percentage of lost sale per day is not desirable. Therefore,
it is wise to include an anticipation of future demand as stochastic order volumes into
the rolling horizon. Chapter 6 in particular, incorporates anticipation of demand into
the operational planning.

Chapter 6

A Scenario-based Stochastic
Rolling Horizon Framework
for Operational Planning with
Demand Uncertainty
Following Chapter 5, the current chapter addresses the operational planning problem
of multimodal long-haul transportation of perishable products. In Chapter 5, the
operational planning problem was explored and a rolling horizon framework was
designed for it, where based on known customer orders, available transportation
modes, and the evolution of operations, a reoptimization problem is periodically solved
to provide relevant responses to new orders and possible updates to the transportation
and repositioning plans. This rolling horizon framework only takes the available data
into account, and does not have any perception of the future. In practice although,
there are many sources of uncertainty, and including an anticipation of them into the
operational planning might bring opportunities for more efficient operation, which are
not detected by only using the known data. This chapter includes uncertainty and in
particular, uncertainty of customer demand in the operational planning. Section 6.1
gives a description of the problem and its uncertain nature, and Section 6.2 reviews
the related literature. Section 6.3 then takes a look at different modeling of stochastic
customer demand, presents the Scenario-based Two-Stage Program (STSP) used to
deal with this stochasticity, and explains the modifications and additions to the rolling
horizon framework. Section 6.4 gives a detailed computational analysis, and finally
in Section 6.5, some concluding remarks are provided.
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Chapter 6. A Scenario-based Rolling Horizon with Uncertain Demand

Problem Description

Chapter 5 described and modeled the operational planning problem of the long-haul
transportation of perishable products with repositioning of Returnable Transport
Items (RTIs). In that problem, after specific time intervals of e.g. every 12 hours,
based on revealed customer orders by then, available services and modes, and state
of the planned operations, a truncated optimization problem was solved to provide
efficient new and updated plans for a planning horizon of e.g. the coming 72 hours,
in order to respond to the arrived customer orders and system evolution.
In Chapter 5, only accessible and known data is contemplated and the future beyond
that is unknown. It is argued that an indication of future can help reducing various
planning stresses and costs, as well as reaching higher levels of customer service.
By considering future demand, there would be a chance to recognize consolidation
opportunities in future time intervals, which would result in cheaper and more
efficient transportation. Such opportunities become a motivation for modeling and
incorporating anticipation in the planning.
In reality, nothing in future is deterministic, and depending on sensitivity of plans
to the future uncertainty, the following sources of uncertainty can be considered in
long-haul transportation planning:
 Customer demand, characterized by origin and destination locations, volume
of items to be transported, and desired scheduling of delivery. In some
transportation problems, only volume to be transported is uncertain, but
in others, the scheduling, the volume, and even the location of customer is
uncertain. For instance, in courier planning, customer locations are known
when orders to deliver their packages are revealed.
 Service time and travel time. In congested logistics locations, such as crossdocks and intermdal hubs, delays in service time are not known until the actual
time for a service. Likewise, delays caused by traffic or accidents are not known
until arrival to the area of such disruptions.
 Resource availability, capacity, and price. Resources can be vehicles, labor,
energy, etc., and their capacity, costs, and even their availability, especially
when they are contracted or rented, can become sources of uncertainty,
 Technical conditions. In transportation of perishable products where products
are handled and moved in conditioned environments and fleet, change in
temperature, humidity, etc., can cause uncertainty in the product freshness
evaluations.

Depending on how much historic knowledge is available on each of these and how
sensitive the system evolution is to their fluctuation, each source of uncertainty is
treated differently. Regarding sensitivity of plans, for instance, in a same-day city
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Figure 6.1 Demand for flowers for Amsterdam in year 2013 (based on number of RTIs)

(a) Demand volume change in 2013

(b) Histogram of demand
volume

Figure 6.2 Demand of Amsterdam on day 1 of the week

(a) Demand volume change in 2013

(b) Histogram of demand
volume

Figure 6.3 Demand of Amsterdam on day 6 of the week
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distribution planning problem where plans are sensitive to shortest delays (caused by
e.g. traffic), it is necessary to contemplate stochastic nature of travel times into the
planning. In contrast, in long-haul transportation of products, where travel times
are in the order of hours and days, using expected values for travel times might be
sufficient to guarantee an efficient operational plan.
In deterministic planning problems, by making some assumptions, all sources of
uncertainty are treated as deterministic. In operational planning problems, relaxing
all of these assumptions results in a large, complex, and intractable problem which
is not easy to solve. Therefore, the majority of them are kept deterministic and only
the most influential source(s) are contemplated as stochastic.
Customer demand is the first and foremost source of uncertainty. In perishable
industries, customer demand is non-stationary, and there are daily, weekly, seasonal,
and promotional trends influencing the volume of products that a customer orders. To
give an example, Figure 6.1 shows how drastic the daily volume of flowers ordered by
customers in Amsterdam, changes throughout a year. The most significant trend in
this figure is the repetition of a weekly trend. Figures 6.2a and 6.2b show the volume
distribution for the first day of week, and Figures 6.3a and 6.3b show the distribution
for the weekends throughout a year. These figure show that the sale of flowers during
weekends is much higher than other days meaning that the volume of orders related
to those days are higher than others. In addition to weekly trends, seasonal trend can
be seen in these figures, with more products transported in spring and summer when
the flowers are harvested mostly. These trends encourage daily control and tailored
plans to guarantee the operation efficiency.
Uncertainty, especially when plans are fixed a priori, might cause capacity shortage
in the arranged multimodal fleet, which would influence transportation of products
directly, or indirectly by late repositioning of empty RTIs. If the realization of demand
for future time intervals is less than their expected values, there would be no problem
and the planned fleet capacity would be sufficient to transport the products and
reposition the empty RTIs. However, when the realized demand of future is more
than the planned capacity, companies resort to outsourcing the operations, urgent
renting of extra transportation options and employing additional resources. These
last-minute measures, called ad-hoc capacity increase [Hoff et al., 2010], are usually
much more expensive and inefficient. These decisions and their associated costs should
be included in operational planning, so that the new plans prevent such burdens and
the risk of overpaying for the extra reservation and RTI movements. This chapter
takes uncertainty of customer demand and its consequential operational issues into
account, and leave other sources of uncertainty as deterministic.
In operational planning of this chapter, assuming to have 1) access to the plans and
the state of system from previous time interval, 2) a good anticipation of customer
demand, and 3) good expected values for the other sources of uncertainty such that
they can be treated as deterministic, the main decisions of this operational planning
problem are as the followings:
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 flow of new customer demand revealed in previous time intervals,
 flow of anticipated customer demand in the coming time intervals,
 new and updated repositioning of Returnable Transport Items (RTIs) for both
revealed and anticipated demand,
 new and updated selection of transport modes and schedules, which transport
the revealed customer demand, while preparing for future demand fluctuations,
 new and updated number of vehicles (real and ad-hoc) needed for each of these
transport modes.

The main decisions are again defined on the RTI flow, repositioning, handling, and
holding throughout the network and over the given planning horizon. Compared to
the decisions in Chapter 5 however, the fleet arrangement not only serves the known
RTI flows, but is also prepared for anticipated ones.
Demand is represented by orders. In this chapter, there are two sets of orders: real
and future orders.
Real orders arrive to the system at different time periods of a time interval. A real
order is characterized by its pair of origin and destination locations, its volume, its
pickup and delivery schedules, and its freshness requirements. Since RTIs are the
loading units used to transport the products, the order volume shows the number of
RTIs (e.g. 2 trolleys) needed to transport products from the origin to the destination.
The products can be picked up and loaded onto the RTIs at an earliest given time,
and should be delivered to the destination and unloaded at a latest given time. These
schedules are not definite though, and as long as the order is transported within the
length of this schedule, its flow is feasible. For instance, an order might be held for
a few hours at its origin destination before it is loaded and transported. Similar to
Chapter 3, product freshness is approximated by a Time Temperature Sum (TTS)
measure, and a maximum limit is enforced on TTS of orders.
Future orders are generated based on historic information about the demand for
products ordered by each customer in future time intervals. Their locations, pickup
and delivery time windows, their volume, and desired TTS, can all be subjects of
uncertainty.
In order to transport RTIs over the given planning horizon, fleets of different
transportation modes over the coming planning horizon are assumed available
throughout the network. Each transport mode has its given schedules, and its vehicles
operate based on them. Each mode has a specific temperature, which for example
shows the temperature inside a truck trailer, a train car, or a barge storage room.
Vehicles of a transport mode are capacitated (here, based on RTIs), and there are
limited number of vehicles available for each transport modes. In comparison to
tactical planning problem however, the characteristics of available fleet is dynamic,
and from one time interval to the next, might be different.
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The objective function of this operational planning problem can also be dynamic, if
costs of available transportation modes and services change over different planning
horizons. For instance, it might be cheaper to rent a truck tomorrow than to rent it
today. Moreover, depending on how much operations are based on a priori fixed plans,
an objective function of operational planning problems can have different forms. In
this chapter, the objective function is to minimize total operational costs, including
flow costs of the loaded RTIs, flow costs of the assigned and repositioned empty RTIs,
locational costs, costs of using the modes to carry out these tasks, and finally the
costs of ad-hoc capacity increase, over all rolled planning horizons.

6.2

Related Literature

There is no unique way in modeling and solving operational planning problems with
stochastic elements. Depending on what insights are needed from incorporating these
elements, how much information is available on their behavior, what the length of
a planning horizon is, how far the uncertainty should be anticipated, etc., there are
many approaches in dealing with stochastic elements in the literature.
Operational planning of long-haul transportation of perishable products with repositioning of RTIs, can be placed as special class of dynamic and stochastic transportation planning literature. The most important and frequently used approaches
for modeling and solving dynamic and stochastic problems are [Powell, 2009]:
 Simulation-optimization, where a good set of parameters is obtained by means
of simulation and optimization search tools.
 Rolling horizon procedures, where using deterministic or stochastic forecasts, a
planning problem is periodically solved.
 Dynamic programming, where decisions are made with an estimate of the value
of states to which an action might result in.

A portion of the literature is dedicated to the application of Approximate Dynamic
Programming (ADP) in resource allocation and management. ADP was developed
to tackle the curse of dimensionality in solving stochastic and dynamic problems.
In this regard, several search and value function approximation policies have been
introduced in the literature. Powell et al. [2012] provide a tutorial of the modeling and
algorithmic framework of ADP in transportation and logistics planning. Topaloglu
and Powell [2006] extend previous works on ADP models for fleet management to
include heterogeneous resources and substitution among them. Their method uses a
hybrid of linear and piecewise-linear approximations of the value function. Topaloglu
and Powell [2007] develop sensitivity analysis methods for a stochastic dynamic fleet
management model to compute the change in the objective value in response to
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changes in fleet size and load availability. In other words, they demonstrate how to
compute the objective function of the model due to changes in vehicle or (and) load
presented in the system. Topaloglu and Powell [2005] extend the dynamic resource
allocation problem to a distributed decision-making case. They use an ADP where
different agents make the decisions regarding the resources. They use nonlinear
functional approximation to model the coordination of actions of different agents.
Lam et al. [2007] apply Approximate Dynamic Programming (ADP) to an empty
container allocation problem arising in a sea-cargo industry. They first model a simple
two-port two-voyage system and extend it to multi-port multi-voyage network. Lam
et al. [2007] propose a simulation based Approximate Policy Iteration (API) algorithm
which shows significant performance improvement compared to the heuristics used in
practice. Bouzaiene-Ayari et al. [2014] propose an ADP framework for a rail fleet
sizing and routing problem, with a streamlined single commodity model, a more
detailed multicommodity model, and a multiattribute model. They show that ADP is
much faster than a state-of-the-art Integer Programming (IP) solver, and can provide
solutions for large and complicated problems with several stochastic elements.
Rolling horizon approaches were introduced and reviewed in Chapter 5. The
application of rolling horizon methods with stochastic elements is limited. An example
is Di Francesco et al. [2013]. They study the effect of partial or complete port
disruption in empty container repositioning in a liner shipping system. They model
it as a time-space representation and consider a set of different disruption scenarios.
They also include some non-anticipativity conditions to equalize the here-and-now
decision variables over all scenarios. Di Francesco et al. [2013] test all combinations
of a problem including 5 locations (2 hubs), a 50 period rolling horizon scheme, 2
(normal and disrupted) scenarios, and 2000 customer orders. They show that in case
of a normal scenario, the optimal deterministic solutions are the best, but in case of a
disruption, the multi-scenario model produces the most effective results. Di Francesco
et al. [2013] show their model is able to handle 12 disruption scenarios with up to 20
locations in less than one hour.
Rolling horizon and simulation-optimization approaches have the opportunity to
accommodate any existing modeling and algorithm methods in the literature of
stochastic tactical and strategic planning. The literature on tactical long-haul
transportation planning where at least one aspect of the problem is uncertain has
been vastly studied.
Assuming that an anticipation to that future uncertainty is available, there are two
applications for it in the literature: 1) to design a robust system, or 2) to plan a
flexible one.
A robust system is a system capable of withstanding any range of uncertainty. It is
designed and fixed a priori to the realization of uncertain factors. Atamtürk and Zhang
[2007] propose a two-stage robust optimization for multicommodity network flow and
design problems with stochastic demand. They introduce a “budget for demand
uncertainty” parameter, which allows control, and provides an upper bound on the
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probability of infeasibility. They compare this approach with single-stage robust as
well as a Scenario-based Two-stage Stochastic Program (STSP), and showed that their
robust two-stage model offers an interesting trade-off between the other two classic
approaches. Moreover, unlike the two-stage optimization, it does not need to generate
a large number of scenarios and therefore, it is much faster. An and Lo [2014] also
study a ferry Service Network Design (SND) problem with stochastic demand and
considering user equilibrium flow. They formulate it as a STSP where they introduce
a service reliability measure into the model to be able to tackle the complexity of
the model via solving a sequence of mixed-integer linear programs. Shu and Song
[2013] propose a general two-stage robust optimization for a container management
problem, and discuss its computational complexity, and compare it with deterministic
and stochastic counterparts. Demir et al. [2015] study an intermodal transportation
planning problem with stochastic demand and travel times, and with emission-related
costs. They propose a continuous-time mixed-integer linear programming formulation
for it, and apply a Sample Average Approximation (SAA) algorithm which evaluates
an extensive set of scenarios in order to develop more robust transportation plans.
Cacchiani et al. [2012] take railway network disruption into account and present a twostage optimization model to determine a robust rolling stock circulation. They model
it as a Mixed-Integer Linear Program (MILP). Then they use Benders decomposition
and its generated cuts to find heuristic solutions for this problem. They show that
their solution approach is fast and generates quality solutions, especially with large
number of disruption scenarios. Garg and Smith [2008] design an efficient algorithm
to solve a capacitated multicommodity flow network design with arc failure where
at each time, multiple arcs are simultaneously fail, and the algorithm needs to
provide new adjustments in short time. In this regard, they use augmentation in
the master problem, with Benders decomposition with cover constraints providing
the best result for real-size instances, and Benders decomposition augmented by
explicit multicommodity flow conditions performing best in cases with small number
of failures.
A flexible system in comparison, is a system that is able to provide optimal actions
when an uncertain factor is realized. These actions are not fixed a priori, and
depending on scenarios included in the planning, they can change. Lium et al.
[2009] study SND problems with stochastic demand and model it as a STSP. They
then provide an analysis in structural differences and the role of consolidation in
uncertainty cases with high and little commodity demand correlations. As a future
research, they suggest use of their study in designing heuristic algorithms for similar
problems. Crainic et al. [2011] propose a progressive hedging-based metaheuristic
algorithm to solve a two-stage stochastic service network design problem and show
that their algorithm outperforms any state-of-the-art solver. They use scenario
decomposition to separate the stochastic program and solve these scenario-subproblem
in parallel and via different strategies that guides them towards the optimal design.
Crainic et al. [2014] study and analyze scenario grouping by introducing strategies
into a progressive hedging-based metaheuristic, where these strategies are defined by
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the type of scenario decomposition (partition or cover), type of grouping, and the
scenario similarity measures (demand-based or service-based). They propose three
grouping strategies: group similar scenarios, group similar scenarios but introduce a
dissimilar group, and group dissimilar scenarios. They show that their multi-scenario
subproblems produce find better solutions in shorter time compared to a state-ofthe-art solver and compared to randomly scenario grouping strategy, the best being
the covering strategy with respect to demands. Di Francesco et al. [2013] study
repositioning of maritime containers under port disruption uncertainty, and model it
as STSP. Van Hui et al. [2014] also model a airfreight shipment forwarding problem
in the presence of delays, which they solve by Tabu Search.
The current chapter adds to the literature of operational planning of long-haul
transportation by applying rolling horizon methods, where a scenario-based stochastic
program is used to deal with uncertainty of demand. The next section describes this
approach in detail.

6.3

Modeling Approach and Solution Algorithm

The previous section pointed at three methods of simulation-optimization, rolling
horizon, and dynamic programming, to deal with dynamic and stochastic problems.
In choosing the best approach, besides modeling strategies for the uncertainty,
dimensions of the model is a critical factor. If the range of values or states the
uncertain element has, is relatively wide, the dimensions of the stochastic model
explode and solving it would be impossible. As a result, approximation methods
are used to reduce this dimension via logical simplifications. Approximate dynamic
programming (ADP) methods have specially been developed for such cases. ADP
has shown to be a powerful modeling and algorithm design tool, however, is not
easy to implement [Powell, 2009]. If there is good information on the behavior of
the uncertain elements, and the stochastic problem is solved using relatively simpler
methods, there is no need for ADP. Finding a value function approximation that
represents the structure of the problem is not straightforward. Formulating its search
structure and stepsize is also tricky.
In previous chapters of this thesis, a few models and solution algorithms were
proposed that can easily be employed here. Chapter 5 proposed a rolling horizon
framework, where a small optimization problem is periodically solved. This problem is
deterministic and includes decisions related to only known data and system evolution.
In this chapter, future demand uncertainty is added to the proposed rolling horizon
framework.
There are several strategies which can be used when demands are uncertain [Powell
et al., 1995]:
 Deterministic modeling, where demand is simply estimated and then treated
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deterministically within the model. This model would be identical to the
previous ones, except that some of the demands would represent real orders,
and others would be expectations of forecasts.
 Chance constrained programming, where capacity constraints would be replaced
with a probabilistic inequality and solved as a nonlinear programming problem.
 Stochastic programming. It is the most rigorous modeling and solution
framework, but also the most complex one. In this approach, the problem
is optimized over the known and future demand, taking the expected costs of
responding to various demand outcomes (scenarios) into account.

In this chapter, stochastic programming is chosen to deal with demand uncertainty.
It can easily be extended from the previous models, and be solved by the proposed
algorithms. In the remainder of this section, first, the modified rolling horizon
framework is described. Then, anticipation of future demand is defined, where a
population of scenarios are generated for. Furthermore, a Scenario-based Two-stage
Stochastic Program (STSP) is formulated to optimize a truncated problem used in the
rolling horizon framework. Finally, the Adaptive Large Neighborhood Search (ALNS)
algorithm is used to solve the STSP, and a simulation step to evaluate its solutions,
are explained.

6.3.1

Rolling Horizon Framework

The rolling horizon framework of this chapter is an extension to the framework of
Chapter 5, but at the end of a roll φ and after collecting new data, an anticipation of
demand (via generating a population of scenarios) for future time intervals is made.
Then a STSP problem with time periods t = φ, φ + 1, . . . , φ + T is solved to derive
new plans and adjustments for the following horizon of T . Then, the new plans are
executed until the end of roll φ + 1. The collected data includes the set of new orders
arrived during roll φ, as well as the state of the system and resource availability by
the end of roll φ.
In order to be able to analyze efficiency of the arranged fleet in a stochastic solution,
this framework includes two tracks, one for solving the STSP, and one for solving
a deterministic planning counterpart, where a deterministic Mixed-Integer Program
(MIP) with expected average daily demand for future time intervals is solved.
The deterministic solution is later put into simulation to find how it responds to
uncertainty depicted by the scenarios. Figure 6.4 highlights the additions to the
extended framework.
The objective function of both truncated problems is then to minimize total
operational costs, including flow costs of the loaded RTIs, flow costs of the assigned
and repositioned empty RTIs, locational costs, costs of using the modes, and finally,
the costs of ad-hoc capacity increase, over the planning horizon T . The length of T is

6.3 Modeling Approach and Solution Algorithm

117

Figure 6.4 The planning algorithm plus simulation

now set to be equal to the latest delivery due date among all collected orders of roll
φ and the anticipated customer orders.

6.3.2

Anticipation of Future Demand and Its Related Costs

At the end of each roll (here, a day), orders of today p = 1, . . . , P have been realized
and all their volume wp are known, but orders of future days and their volumes are
unknown. Each future order p0 ∈ {1, . . . , P 0 }, is characterized by the random number
w̃p0 ,day,week,season of RTIs ordered, with distribution function Ψ(w̃p0 ,day,week,season ),
and average number µp0 ,day,week,season . This distribution is non-stationary and there
are seasonal, weekly, daily, (and even hourly and promotional) trends influencing its
value. However, from one day to another, and from one customer to another, they
are independent. Adding to the fact that the rolling horizon algorithm of this chapter
makes daily anticipations, for simplicity, in the rest of this chapter, the random
demand volume for each p0 is only denoted as w̃p0 with daily average of µp0 , and
the other factors are assumed to be inclusive in its distribution Ψ(w̃p0 ). In other
words, for instance, if there is a weekly trend, for each week, a particular distribution
Ψ(w̃p0 ) is defined for each p0 of that week.
A naive way to plan for future days is to include orders p0 with their daily averages µp0
into the relevant MIP, and treat the model as a deterministic one. If the realization of
demand for future days is less that the daily averages µp0 , there would be no problem
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(a) Day 1

(b) Day 5

Figure 6.5 Daily demand frequency distribution of day 1 and day 5 of a week

and the planned fleet capacity for the next days would be able to transport the
products and reposition the empty RTIs. However, when the anticipated demand for
future days is more than the total planned capacity, companies resort to outsourcing
the operations related to low-volume orders. This option and its associated costs
should then be included into the planning. In this regard, an ad-hoc fleet capacity
increase, denoted as θp0 and its associated cost per unit Cθ for p0 = 1, . . . , P 0 are
added to the model to reflect the amount of order volume that is outsourced.
The distribution function Ψ(w̃p0 ) can be discrete or continuous [Lium et al., 2009], but
if the behavior of customer demand is not known and only historical data is available,
a comprehensive statistical analysis is required to find this function, and such analysis
is out of scope of this thesis. For this thesis, only historical data of year 2013 was
available [Tosi, 2014, Verhoeven, 2014, Vlassak, 2014, Rosenboom, 2014], which was
analyzed and translated into frequency distribution of daily demand volume for each
customer p0 [Rubin, 2010].
These frequency distributions are used to represent all possibilities of w̃p0 and their
probability Ψ(w̃p0 ). It is important to note that the relevant daily, weekly, seasonal
trends are considered in generating these distributions. Figures 6.5a and 6.5b give
examples for the daily demand frequency distribution for city of Amsterdam.

6.3.3

Scenario Generation

Even with having the frequency distribution of demand at hand, including all
possibilities of w̃p0 for all orders p0 , make a stochastic program too large and complex
to solve to optimality. In operational planning problems, where new plans and needed
adjustments should be made in a really short time of a few minutes to a few hours, the
size of the stochastic program becomes troublesome. For instance, if the frequency
distribution of w̃p0 has a range of 50 RTIs to 150 RTIs for each p0 , the size of a
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deterministic counterpart MIP expands by (P 0 )100 .
In order to have a manageable stochastic program, for each order set p0 , a set of γ =
1, . . . , Γ scenarios with uniform probability of ργ are generated, and the deterministic
MIP of Chapter 3 is extended to include these scenario realizations and becomes a
Scenario-based Stochastic Program (SSP). In the following sections, this stochastic
program and its two stages are formulated.

6.3.4

Scenario-based Two-Stage Program with Stochastic Demand

In this section, the mathematical formulation for the STSP with stochastic demand
of roll φ is explained. Note that for simplification reasons, the dimension of φ
representing a roll in the rolling horizon framework is removed from the STSP
formulation, but in fact, this model can have different parameter setting and number
of variables in each roll φ, depending on order sets P and P 0 , and the available
transportation modes.
Demand is defined as orders. A real order p is characterized by the number wp of RTIs
needed to load and transport products from an origin location O(p) to a destination
location D(p). The products can be picked up and loaded onto the RTIs at an earliest
time of P T (p) and should be delivered to the destination and unloaded at the latest
time of DT (p). Product freshness preservation is evaluated by Time Temperature
Sum (TTS) measure, and for each order, it is assumed that the summation of these
TTS’s should be less than Lp (say 200 hours × degree).
Fleets of different transportation modes over the coming planning horizon, with given
schedules, temperature, capacity, and number of available vehicles are available. In
comparison to the tactical planning problem though, the characteristics of available
fleet is roll-dependent, and from one roll to the next, might be different.
At the end of each day, a set of γ = 1, . . . , Γ scenarios with uniform probability of ργ
are generated. Each scenario is a set of future orders. A future order p0 ∈ {1, . . . , P 0 }
is distinguished by its random volume w̃p0 with daily average of µp0 and a distribution
function Ψ(w̃p0 ). An ad-hoc fleet capacity increase, denoted as θpγ0 for p0 = 1, . . . , P 0
is added to the model to reflect the amount of order volume that is outsourced. The
associated cost per unit is Cθ , which is later added to the objective function.
The goal of this Scenario-based Stochastic Program (SSP) is to find a flexible
multimodal fleet to answer all realization of random demand volumes of future orders
p0 , as well as the known volume of orders p. Therefore, the SSP is reformulated into
two stages, where in the first stage, the transportation mode fleet is arranged and the
RTI flows and repositioning of real orders are planned. In the second stage then, the
arranged fleet with the remaining resources and capacities are used for transporting
the products and repositioning the RTIs for future scenario orders.
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As described in Chapter 5, an objective function of operational planning problem
is also roll-based and can have different forms. In this chapter, the objective
function of of the operational planning and its embedded STSP is to minimize total
operational costs, including flow costs of the loaded RTIs, flow costs of the assigned
and repositioned empty RTIs, locational costs, and finally, costs of using the modes,
over all rolled planning horizons. Note that there is no cancellation or change of path
for the moving modes.
Let A1 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | i 6= j, m1 = m2 } be the set of all feasible and
given travel arcs, and let A2 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | i = j, m1 = H k m2 = H}
be the set of all feasible location arcs, representing loading, unloading, holding and
waiting arcs. Similarly, let Am = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | m1 = H k m2 = H}
be the set of all feasible loading, unloading, traveling, and waiting arcs in the network
related to mode m.
For each order p or p0 , there are three flow decisions: laden, assign, and repos flow
decisions, and there are two sets of variables defined for each of them: 1) x̌ to show
how many RTIs enter an arc a(i,j),t,(m1 ,m2 ) , and 2) x̂ to show how many RTIs exit the
arc. Likewise, there are two sets of variables y̌ and ŷ to show the number of vehicles
respectively entering and exiting an arc. The auxiliary binary variables b̌ and b̂ are
also added to help calculating TTS of real and future orders. Three variables U are
also added to the model to keep track of the inbound and outbound flows at each
location, and to connect the flows of loaded and empty RTIs throughout the network.
The roll-dependent STSP model with product quality preservation and empty RTI
management is then formulated as follows:

First Stage
Compared to a classic STSP, in this chapter, the first stage not only includes fleet
arrangement decisions y̌ and ŷ, but also includes decisions x̌ and x̂ on the RTI flow
and repositioning of the real orders. No matter what scenario is realized for future
orders, the real orders are planned in this stage. Therefore, their related decisions are
placed in the first stage.
As a result, with some parameter modifications, the first stage problem is in the form
of minimizing the first stage costs of the STSP, which is the total costs of using the
fleet in (3–1e), as well as costs related to real order variables in (3–1a)-(3–1d). This
objective function is then subject to Constraints (3–2)-(3–7), (3–8), (3–9)-(3–11),
(3–13) and (3–14), (3–15), (3–17), and (3–18)-(3–20).
Note that repositioning decisions only become positive, if RTIs are needed to be
repositioning during the current planning horizon t = φ, φ+1, . . . , φ+T . In Chapter 5,
a end-of-the-week RTIs repositioning rule was applied. Let tstore be such a (repetitive)
repositioning deadline. If tstore > φ + T , all repositioning decisions become zero.
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Second Stage
The objective function of the second stage is in the form of minimizing the ad-hoc
costs related to future orders over scenarios γ = 1, . . . , Γ. Terms (6–1a) represent
flow costs of the loaded RTIs, the terms of (6–1b) are the flow costs of the assigned
and repositioned empty RTIs respectively, the term (6–1c) shows locational costs of
loaded RTIs, the terms (6–1d) represent locational costs of assigned, and repositioned
RTIs, for each scenario orders. Finally, (6–1e) is the costs of using ad-hoc capacity
increase in a scenario.
Similar to the first stage, the scenario-based repositioning decisions become positive,
if it is required to return RTIs to their initial storage during the current planning
horizon t = φ, φ + 1, . . . , φ + T .
Constraints (6–2)-(6–5) are variable pair matching of future scenario orders. Their
logic is similar to the Constraints (3–2)-(3–7).
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Constraints (6–6) are flow conservation constraints for future scenario orders. These
constraints define U as the flow (loaded RTIs, assigned empty and repositioned empty
RTIs) for each order at each location and time period. These equalities imply that
the inbound flows to each node should be equal to its outbound flows.
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Constraint set (6–7) enforces the flow of loaded RTIs (for scenario orders) between
origin and destination locations, with w̃pγ0 for each scenario γ.
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i = D(p), t = DT (p)
Sistore > 0, t = tstore
o.w.

Assuming Sirem in the second stage to be the remaining inventory of empty RTIs
after assigning some of them to the real orders in the first stage, Constraints (6–8)
and (6–9), in a similar fashion enforce the flow of empty RTIs (for known orders)
between origin and destination locations. The origin locations of the assigned empty
RTIs are the RTI storage locations with Sirem > 0. Their destination locations are the
locations that they are needed to be loaded and transport the products (O(p),PT(p)).
If repositioning decisions are made in roll φ, or in other words, tstore ≤ φ + T , the
repositioned empty RTIs need to get back to their storage locations in the current
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roll. Therefore, the locations with Sistore > 0 are their destinations and their origin
locations are the locations that the loaded RTIs are unloaded (D(p),DT(p)).
Constraints (6–10) and (6–11) are logical constraints which are used to calculate the
TTS of scenario orders. Note that M here is the classic “big M” and not the number
of modes. Based on these constraints then, if there is no flow of products on a specific
arc (x̌ = 0), that arc will not be included in the constraint on TTS (b̌ = 0).
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Based on Constraints (6–10) and (6–11), Constraint (6–12) states that for each known
order, the total time×temperature of moving and handling an order must not exceed
an allowed TTS of that order.
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Constraint (6–13) is the capacity constraint. In each scenario γ, the total number of
RTIs (loaded or empty) for both real and future orders that is moved between i and
j at time t, should be less than or equal to the total capacity of y̌ vehicles of mode
m transporting them, if that mode is chosen in that scenario.
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Finally, Constraints (6–14)-(6–15) define the nature of variables in the formulation.
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Similar to its deterministic counterpart, this optimization problem is too complex to
be solved by exact methods. In the following section, we describe the ALNS algorithm
used to solve the stochastic and deterministic truncated problems in both tracks of
the rolling horizon framework.

6.3.5

ALNS and Planning Process

As mentioned earlier, there are two tracks in the current rolling horizon framework,
one deterministic, and one stochastic. Therefore, two ALNS algorithms are employed
to replan and update the stochastic and deterministic roll solutions zφ . Compared
the the ALNS of Chapter 4, these algorithms have new and redesigned destroy and
repair operators.
An optimal solution to the STSP is a solution with optimal flow, repositioning, and
mode usage over all scenarios plus the realized orders and system evolution. In order
to generalize and simplify the search, the set of real orders is put into an additional
scenario Γ + 1 with probability equal to 1.0, so that ALNS treats them equally as
a scenario. Now, the main reason to redesign the operators is to give the ALNS
algorithm better direction to work on both inter-scenario neighborhoods (A series),
and intra-scenario neighborhoods (B series).
The following destroy operators are used to remove the routes of orders:
 one random order (R1) operator,
 two random orders (R2r) operator,
 three random orders (R3r) operator,
 two similar orders (R2s) operator,
 three similar orders (R3s) operator,
 two inter-scenario random orders (R2r-A) operator,
 three inter-scenario random orders (R2r-A) operator,
 two inter-scenario similar orders (R2r-A) operator,
 two intra-scenario similar orders (R2r-B) operator,
 three inter-scenario similar orders (R2r-A) operator,
 three intra-scenario similar orders (R2r-B) operator,
 one ad-hoc positive order (Rd) operator.

And repair operators are as the followings:
 cheapest path (Ip) operator,
 scheduling (Is) operator,
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 consolidate two orders (Ic2) operator,
 consolidate three orders (single) (Ic3s) operator,
 consolidate three orders (paired) (Ic3p) operator,
 insert ad-hoc zero path (Ipd) operator.

The first five destroy and five repair operators are similar to the ones in Chapter 4,
but the rest of them are new to this chapter. In inter-scenario destroy neighborhoods,
only paths of orders belonging to a particular scenario γ (or only the path of known
orders) are destroyed, in order to let the algorithm to search neighborhoods improving
a specific scenario. In comparison, intra-scenario destroy neighborhoods try to find
improved fleet arrangement, satisfying the needs of more than one scenario (or
combined with scenario Γ + 1).
A new one ad-hoc positive order (Rd) destroy and a new insert ad-hoc zero path (Ipd)
repair operator is also introduced to the stochastic ALNS, in order to improve the
neighborhood of orders p0 with θp0 ≥ 0. The repair operator Ipd tries to reinsert such
orders into the solution so that its θp0 becomes zero.

6.3.6

The Simulation

The two ALNS algorithms result in two (stochastic and deterministic) roll solutions.
The cost of a stochastic solution is the total cost of fleet arrangement and flow plans
for both known and scenario orders. However, the cost of a deterministic solution
only takes the cost of fleet arrangement and flow plans of known orders into account.
It is obvious that stochastic solutions have many more vehicles and therefore, higher
costs, but these solutions are not comparable to the deterministic ones yet. In order
to compare the efficiency of the stochastic and the deterministic fleet arrangement,
the deterministic solution is simulated on all γ = 1, . . . , Γ scenarios in the population.
While simulating with a scenario, if the deterministic solution faces capacity shortage,
extra vehicles are added, which results in extra costs. Summation of these extra
simulation costs and the deterministic solution costs are then comparable to the
stochastic costs.
After simulation, the plans of roll φ + 1 are executed for both stochastic and
deterministic roll solutions, and state of the routes, the related orders, and fleet is
updated. Execution of plans in practice can be translated as the instructions that are
sent to relevant departments, to start loading/unloading operations, transportation,
etc. The updated deterministic and stochastic roll solutions are later used for the
next round of planning at the end of roll φ + 1.
In the next section, the performance of the modified ALNS and the rolling horizon
framework is evaluated in detail.
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Computational Results

In this section, the rolling horizon framework of Section 6.3 with its modified ALNS
is tested on three instance sets with 20 locations, 3 mode types of truck, train, and
barge, and the minimum end-of-the-week repositioning rate of ξ = 100%. Since only
daily demand distribution of customer locations is available, and there is no further
information on their hourly arrival, scenarios for future day demand are generated
only once per day (e.g. in the final roll of the day). As indicated in Section 6.3.2,
weekly and seasonal trends are implicit. For instance, if there is a weekly trend,
for each week, a new set of daily demand distribution is formulated for that week.
Moreover, it is also argued that the conclusions of Chapter 5 on the sensitivity of the
rolling horizon framework still hold in this chapter, and the focus of this section is
more on the influence of uncertainty, and how it is handled inside the framework.
The instance sets are identified by month = 1, 2, 3, similar to Chapter 5. The length
of a roll τ is equal to 24 hours, which means that there are 90 rolls per instance.
Therefore, out-of sample stability of the results is guaranteed.

6.4.1

Parameter Tuning

The ALNS algorithms of this chapter have slightly different settings. For example, the
stopping criteria, representing the number of iterations that the best found solution is
not improved, are set π = 500 and η = 125 for the deterministic ALNS, and π = 1000
and η = 250, for the stochastic one. Moreover, a computational time limit of 30
minutes is set for the stochastic ALNS.

6.4.2

Scenario Population Size

The first and most important factor in designing an efficient stochastic rolling horizon
framework is the size of population Γ. In order to have in-sample stability in the
results, the size of population should be adequate. If this value is small, there is a
risk that the scenario population does not represent the future adequately, and if it
is large, the computational burden for obtaining a good solution increases and might
not be suitable for the rolling horizon framework.
Table 6.1, and Figures 6.6a-6.6c show the performance of stochastic ALNS, compared
to the deterministic one, with three population sizes of 20, 50, and 100. The columns
of table 6.1 represent the costs of roll solutions for the deterministic ALNS, extra
costs of putting the deterministic solutions to simulation, the total deterministic and
stochastic system costs. The table also shows the differences by percentage, as well as
the percentage of rolls that stochastic solutions were worse than their deterministic
counterpart.
First of all, the overall results show that on average and over all months, the stochastic
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Table 6.1 Influence of scenario population size on costs
n

month

Γ

Roll
Deter.
Costs

A.D.
(%)

Roll
Deter.
Sim.
Costs

A.D.
(%)

Total
Deter.
Costs

A.D.
(%)

Total
Stoch.
Costs.

A.D.
(%)

Avg.
Cost
Diff. (%)

Rolls
with
Worse
Stoch.
Sol. (%)

20
20
20

1
2
3

20
20
20

1,119,738
1,141,618
1,140,147

1.00
0.38
1.36

499,881
459,861
465,398

1.14
2.86
1.35

1,618,508
1,601,479
1,605,544

1.07
1.98
1.36

1,498,836
1,500,356
1,479,537

1.31
1.86
0.91

-4.55
-2.47
-5.59

25
41
34

20
20
20

1
2
3

50
50
50

1,119,738
1,141,618
1,140,147

1.00
0.38
1.36

581,869
533,160
529,676

1.87
2.57
0.88

1,701,606
1,674,778
1,669,823

1.13
1.54
1.21

1,436,707
1,451,712
1,472,627

0.69
0.80
0.46

-12.61
-8.75
-9.09

23
29
23

20
20
20

1
2
3

100
100
100

1,119,738
1,141,618
1,140,147

1.00
0.38
1.36

596,139
555,251
558,352

0.80
0.59
0.22

1,715,877
1,696,869
1,698,498

1.10
0.41
0.98

1,429,859
1,444,558
1,452,817

0.68
1.77
1.74

-13.55
-10.52
-12.65

19
25
17

rolling horizon has less average costs, which proves that including uncertainty of
demands into operational planning results in a more efficient transportation.
By increasing the population size from 20 to 100, this difference increases from an
average of −4.20% to −12.24%, and the percentage of rolls with more worse stochastic
solutions decreases from an average of 33% to 20%. Therefore, to have in-sample
stability, the population size should be at least 100.
Figures 6.6a-6.6c show the cost difference percentage of the instance with 20 locations
and in month 3. These figure illustrate how the roll solution costs of stochastic become
cheaper by increasing the population size. However, they do not show similar behavior
from one roll to another. Looking at these figures, days 2, 8, 14, and 24 show worse
stochastic solutions than deterministic ones in all three cases. However, it is hard to
draw a conclusion on the reason. Days 2 and 8 are the beginning days of a week,
day 14 is a weekend, and day 24 is a day in the middle of the week. It only can be
concluded that the larger the population size is, there would be less days with more
expensive stochastic solutions.
Figures 6.7a-6.7c show the difference between the number of vehicles that stochastic
and deterministic solutions use in each mode type for each roll. The first thing seen
from comparing these figures is that by increasing the population size, stochastic
solutions tend to use less trucks and more trains in overall. The difference in barge
use is not significant compared to the other two modes. Less trucks and more trains
means cheaper fleet and more consolidation options.

6.4.3

Multi-roll Scenario Population

In all the abovementioned analyses, it was assumed that the Γφ+1 scenario population
is only generated from daily demand distributions of roll φ+1 with anticipated w̃p0 ,φ+1
number of RTIs for future order p0 in roll φ + 1. However, the scenario population can
be a combination of scenarios over more than one future roll. Therefore, a scenario is
the set of orders p0 = 1, . . . , P 0 with volumes anticipated as w̃p0 ,φ+t number of RTIs
for roll φ + t.
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(a) Total cost difference between stochastic and deterministic results (%) for instance of
month 3 and Γ = 20

(b) Total cost difference between stochastic and deterministic results (%) for instance of
month 3 and Γ = 50

(c) Total cost difference between stochastic and deterministic results (%) for instance of
month 3 and Γ = 100

Since the daily demand distributions were assumed independent from one day to
another, these combined populations are generated by first picking Γφ+1 , Γφ+2 , ...,
Γφ+t scenarios from rolls φ + 1, φ + 2, ..., φ + t, and then generating all combination
possibilities from the picked scenarios. In this setting, the probability of each
combined scenario in the population would be ργ = 1/(Γφ+1 )(Γφ+2 )(...)(Γφ+t ).
In this section, the multi-roll population strategy is compared for t = 1, 2 and 3
cases. Table 6.2 shows the results. Note that the computational limit of 30 minutes
is enforced for all the instances. For t = 1, within an average computational time of
25 minutes, the ALNS algorithm is able to obtain good and stable results, however
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(a) Transport mode usage difference between stochastic and deterministic results (%) for
instance of month 3 and Γ = 20

(b) Transport mode usage difference between stochastic and deterministic results (%) for
instance of month 3 and Γ = 50

(c) Transport mode usage difference between stochastic and deterministic results (%) for
instance of month 3 and Γ = 100

that is not the case for t > 1. Within a time limit of 30 minutes, the algorithm is
not able to find a good solution. Even increasing Γφ+t is not going to help improving
the stochastic solutions. Clearly, the computational limit is not enough for the ALNS
algorithm to explore the solution space properly. In a rolling horizon algorithm,
computational limit is an important design parameter. It is not feasible to have a
computational time of 24 hours, because there would be no time left for execution of
new plans and monitoring the changes.
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Table 6.2 Comparison of multi-roll scenario population

6.5

n

month

t

Γφ+1

Γφ+2

Γφ+3

20
20
20

1
1
1

1
2
3

100
20
20

20
10

5

Roll
Deter.
Costs
1,119,738
4,783,234
5,721,009

A.D.
(%)

1.00
4.33
6.79

Roll
Deter.
Sim.
Costs
596,139
1,659,446
1,389,983

A.D.
(%)

0.80
4.76
5.94

Total
Deter.
Costs
1,715,877
5,442,680
6,110,992

A.D.
(%)

1.10
4.40
5.62

Total
Stoch.
Costs.
1,429,859
6,512,272
8,365,953

A.D.
(%)

Avg.
Cost
Diff. (%)

0.68
10.30
13.46

-13.55
91.10
100.75

Rolls
with
Worse
Stoch.
Sol. (%)
19
57
80

Conclusions

To have smarter day-to-day transportation plans, incorporating the available information of today might not enough. Having an anticipation of what future imposes, might
help in avoiding shortage of mode capacity, and extra costs of last-minute renting or
outsourcing. In perishable supply chains, uncertainty of demand and the pressure
to deliver the customer demand in time and with the required freshness, motivates
contemplating the aftermath of this uncertainty into the operational planning.
This chapter incorporated uncertainty of demand into the operational planning of
multimodal transportation of perishable products. The rolling horizon framework of
the previous chapter was extended, to embed a truncated Scenario-based Two-stage
Stochastic Program (STSP), which is periodically solved. At the first stage of the
STSP, the fleet arrangement and all forward and backward RTI flows of realized orders
are planned, and at the second stage, this arrangement and the remaining capacity
and resources are used to provide optimal product flow and RTI repositioning, for a
generated set of scenarios. For analysis purposes, the framework hosts two parallel
planning tracks, one for the stochastic transportation planning and one for the
deterministic one. Two ALNS algorithms with new and redesigned operators, and
new parameter tuning solve them, after which a simulation module is called in order
to analyze performance of the deterministic solutions on the scenario population.
The new rolling horizon algorithm was tested on three sets of instances, representing
daily demand of 20 location over 3 months. In overall, results show that stochastic
solutions are on average cheaper than the deterministic solution, which proves the
importance of including demand uncertainty into the planning.
The size of scenario population and the number of future rolls that these scenarios
are picked from, are key factors in the performance of the ALNS algorithm. Scenario
population can be generated based on daily demand distribution of the next day, the
next two days, and the next three days. For the first case, bigger population size 100
has the best performance based on both costs and the number of rolls with worse
stochastic solutions. In addition, with bigger population, more truck transportation
are replaced by trains. For the cases with multi-roll scenario generation, results show
that the ALNS is not able to get good solutions within 30 minutes and in using a
multi-roll strategy, the computational time limit should be significantly longer.
One future work can be to include other types of uncertainty sources into the planning,
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such as network disruption sources, i.e. travel cancellations, accidents, and delays.
Another future research possibility is to find strategies to handle multi-roll scenario
populations in the STSP of the framework. The more future is anticipated, the
smarter and smoother day-to-day transportation might get.
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Part IV

Closing

Chapter 7

Conclusions
Multimodal transportation has long been proven to offer a potential platform for
a more efficient, reliable, flexible, and sustainable freight transportation. For
perishable product industries, such as the horticultural industry of the Netherlands,
the opportunities and the threads of transporting their products via a multimodal
platform is still under study.
Perishable products have short shelf life, and if not appropriately stored or transported, they lose their value over time. Improved temperature-controlled container
technologies will facilitate transition of transporting these products from fast,
expensive, and environmentally undesirable road and air transport, to cheaper and
more environmentally friendly rail and waterway ones. However, there are certain
questions that should be answered: “what modes can be used to transport these
products? when should they be transported? what are the economic gains? and
what does a flexible transportation plan capable of responding to day-to-day operation
dynamics and uncertainties look like?”
Planning a multimodal transportation added to the extra product preservation
requirements of perishable products, is heavily complex, and requires tailored models,
policies, and tools. The goal of this thesis is to develop relevant models and algorithms
for multimodal transportation planning of perishable products. Chapter 1 first pointed
out the motivations and challenges of this thesis. Next, it gave an overview of the
literature on planning transportation of perishable products, and showed that the
literature on long-haul transportation of these products, and explicitly on modeling
temperature-based quality measures, is very limited. Accordingly, it then defined the
scope of the thesis, and introduced the research objectives addressed in it.
Assuming that a multimodal infrastructure and proper quality preservation technologies are present, this thesis was divided into two parts, dedicated to studying tactical
planning and operational planning. Chapter 2 gave an overview of the recent research
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on tactical and operational planning problems of multimodal freight transportation,
by looking at their motivations, the characteristics of the different encountered
problems, and their respective solution methods. This chapter highlighted a gap in
multimodal transportation planning of perishable products, and suggested integrating
the network planning and the management of assets such as Returnable Transport
Items (RTIs), as well as contemplating dynamicity and stochasticity of different
aspects of these planning problems.
This thesis builds upon this literature and defines four research objectives in the area
of tactical and operational planning.

7.1

Tactical Planning

The first step to plan multimodal transportation of perishable products is to
understand its dynamics and translate them into measurable values and tangible
relations. Therefore, the first research objective is:
Research Objective 1: Model the multimodal transportation planning problem and
propose a mathematical formulation to optimize it. In modeling the multimodal transportation planning with perishable products and management of RTIs, measuring
the product quality and preserving the quality should be addressed. In addition,
characteristics of different transportation modes, regarding their scheduling, their
capacity, etc. should be contemplated, and finally, the flow, repositioning, and balance
of the RTIs used for transporting products should be included.
For this objective, Chapter 3 defined this planning problem, and modeled it as
a Mixed-Integer Program (MIP), which is an extension of Fixed-cost Capacitated
Multicommodity Network Flow Problems (FCMNFP). New sets of constraints were
added to the classic FCMNFP. These constraints include a product quality measure
based on temperature and travel time, and enforce a maximum limit on products,
after which they are considered perished. Moreover, the forward flow of loaded RTIs
was integrated with the backward flow of empty ones via a set of novel constraints.
Based on RTI demands, these constraints assign and move the needed empty ones. In
total, the model was tested on 21 instances with different number of locations, up to 3
transportation modes, and up to 50 randomly generated orders. The problem is large,
because of huge matrices. Some computational tactics were used to help decreasing
the time and memory issues related to their dimensions. However, solving instances
with 50 orders and more by a state-of-the-art MIP solver is impossible. Due to severe
complexity, the problem of Chapter 3 included only one size of RTI (e.g. trolleys),
however, in transporting perishable products, there are different types and sizes of
RTIs. In an attempt, Appendix A later extended the proposed MIP to include three
(small, medium, and large) sizes of RTIs, where each size of RTIs should be loaded
(or nested) into its immediate bigger RTI size in order to be transported. In practice
for instance, buckets and boxes are loaded onto trolleys, and trolleys later are loaded
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into containers. The extended MIP was also computationally tested and verified.
The results showed that a state-of-the-art MIP solver is hardly able to find optimal
solutions for even the smallest instances with 5 orders within 10 hours. Therefore,
solving real-world sizes of such a planning problem to optimality is impossible.
The dimension and complexity of the problem in Chapter 3 clearly confines its ability
to find optimal solutions for the real-world case. Therefore, the second research
objective is:
Research Objective 2: Develop an algorithm for multimodal transportation planning and resource management of perishable products. This algorithm should provide
good solutions within reasonable computational time, considering all constraints and
requirements of the planning problem modeled above.
For this objective, Chapter 4 proposed a solution algorithm, which is an adaptation of
the classic Adaptive Large Neighborhood Search (ALNS) algorithm. New path-based
neighborhoods were introduced to the algorithm, which at each iteration, work on
various combinations of orders. Furthermore, specific scoring was used to manage the
computation time of the algorithm, and neighborhood-based Tabu lists were added to
improve the search. A diversification step was also added to exploit unvisited parts
of the solution space. The proposed algorithm was tested on instances of Chapter 3,
where it showed robustness and good performance. The algorithm is relatively fast,
does not take up much memory, and provides good and robust solutions. It was even
able to find solutions for the instances which the MIP solver was not able to find any
solution for.

7.2

Operational Planning

Tactical planning tools alone are not sufficient for the day-to-day management of
operations. A transportation system is constantly changing from one day to the
next, and the dynamics of these changes require different decisions to be made, more
detailed factors to include, and probably different objectives to consider. Therefore
the next research objective is:
Research Objective 3: Develop a framework for operational planning of multimodal
transportation with perishable products and management of RTIs. This framework
should take the day-to-day changes of the system into account, and based on the
information it receives and its observation of the system evolution, provide efficient
actions and adjustments.
For this objective, Chapter 5 first defined this planning problem, which is a dynamic
extension to the planning problem of Chapter 3. In this planning problem, at specific
decision occasions (e.g. every 12 hours) and based on collected data on arrived
demand and system evolution, a deterministic FCMNFP with updated parameters
on new demand, RTI repositioning, and available multimodal transportation options,
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is reformulated and solved. This chapter then proposed a rolling-horizon framework,
where a modified version of the ALNS of Chapter 4 is employed to provide new and
adjusted plans in response to the dynamics of day-to-day operations. This framework
was tested on three instances, set over the course of 3 months, and with various
settings. The results highlighted what role each setting (e.g. the length of a roll)
plays in the operational planning.
This framework only relies on available information, representing what demand
has already been revealed and what has already happened upto a certain decision
occasion, and does not have any view or anticipation of the future. Therefore,
the day-to-day solutions might not provide efficient plans which can also respond
to unforeseen situations such as demand fluctuations. Nevertheless, there is historical
data available on demand, supply, and availability of transportation modes. This
data can provide further insights and perception about future scenarios, especially on
customer demand. Therefore, the final objective is:
Research Objective 4: Model anticipation of future demand and incorporate it in the
developed operational planning framework. Even though demand is uncertain, there
is historical data available on its behavior. Based on the insights this data provides
about future demand scenarios, the modified framework should take different actions,
offering a smarter and more flexible transportation.
For this objective, the deterministic FCMNFP problem of Chapter 5 was extended to
include stochastic demand, and was modeled as a Scenario-based Two-stage Stochastic
Program (STSP), where at the first stage and besides planning the realized demand,
the multimodal fleet is arranged and at the second stage, this arrangement is used to
find optimal product flow and RTI repositioning over a generated set of scenarios. The
rolling-horizon framework of Chapter 5 is further extended to include these scenarios,
and its ALNS algorithm is also modified to include redesigned neighborhoods and
parameter tuning. As a result, at the end of each roll, new data is collected, and after
generating a scenario population, the STSP is solved, and new plans and adjustments
are made. The framework hosts two parallel planning tracks, one for the stochastic
FCMNFP and one for the deterministic one. A simulation module is used to compare
the performance of the deterministic solutions with the stochastic ones.
The new rolling horizon framework was tested on three sets of instances, with daily
demand distribution of 20 locations over 3 months. Results show that stochastic
solutions are on average cheaper than the deterministic solution which proves the
importance of including anticipation of future demand into the planning. Moreover,
the size of scenario population and the number of future rolls that these scenarios are
picked from, were shown to be key factors in the performance of the ALNS algorithm.
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Depending on the characteristics of a perishable product, its quality, and its market,
different tactical and operational planning problems are formulated, and therefore,
different tactical and operational solutions are obtained.
This thesis used the Europe-wide transportation of highly perishable horticultural
products with their time-temperature quality measure for its experiments and
verifications. It assumed to have 20 hub locations, with RTIs stored at two of them. A
network of Trans-European Transport (TEN-T) with three modes of truck, train, and
barge was assumed to be available, and the sale reports of 2013 was used to generate
the set of transport orders. The proposed models and algorithms in this thesis
are however capable of adapting to any type of perishable product transportation
network, with any combination of modes, RTI storage locations, cost structure, quality
measures, and transport orders. Moreover, the following general insights are drawn:
In Part II, results show that an integrated planning of transporting products and
repositioning the RTIs provides much cheaper transportation plans. The delivery due
dates and the hard vaselife restriction of products however, do not allow for much
usage of non-truck modes in forward flows of products. Trains and barges are mostly
used for repositioning of RTIs. Timely repositioning of empty RTIs is essential and no
RTI of any type and size is an exception. Results show that having a central storage
for all of them, close to the hubs with highest forward flow traffic results in significant
repositioning savings.
In Part III, results show that in designing a good operational planning framework,
the time intervals between consecutive decision epochs are the key in the trade-off
between operational costs and loss of sale. The shorter planning intervals are (e.g.
every six hours), the less sale is lost. However, shorter intervals come with the price
of having less information about the future. With less information, the chances of
consolidation decrease, and the arranged fleet become expensive. This problem is
solved by incorporating an anticipation of the future. In this thesis, future demand
with its daily and weekly trends was taken into account, and by analyzing historical
data and trends, scenarios representing their possibilities were generated. The results
show that including future demand scenarios into the operational planning offers
smarter and more efficient fleet arrangement. Such plans provide a flexibility to
tackle future demand fluctuations. There is however a trade-off between how many
scenarios are defined and how much time is allowed for computations. It is desirable
to define as many scenarios as possible, but the computational limits might not allow
finding good plans.

7.4

Future Research Suggestions
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The first future research possibility is to study tactical and operational planning
of perishable products with other temperature regimes and quality preservation
restrictions. Each industry has its own measures and even quality decay penalties,
and it would be interesting to study the structure of solutions with these restrictions.
Moreover, in this thesis, it was assumed that products are compatible and they
can be consolidated into similar temperature controlled modes and containers. In
practice, perishable industries might share and combine their logistics to benefit from
economy of scale. In such a setting, each product has its own quality preservation
requirement, and its preservation regime might not be compatible with others.
Moreover, the objectives of the cooperating industries might not be congruent. Hence,
extra constraints and multiple objectives are needed for the combined long-haul
transportation planning.
In this thesis, the family of ALNS metaheuristics were used to design the solution
algorithms. These algorithms have shown great performance in solving large scale
Vehicle Routing Problems (VRP), and this thesis adapted them to the family of
Fixed-charge Capacitated Multicommodity Network Flow Problems (FCMNFP). A
future research suggestion is to study strategies that would enhance their performance
in solving large scale FCMNFP problems even further.
Management of multi-size loading units is new to the literature, opening a major
opportunity for more research on its modeling as well as solution design. In this
thesis, a model was proposed for a transportation problem with three sizes of RTIs
and their loading relations, and it was shown that it is a very complex problem. An
interesting future research would be to find models and solution algorithms that can
handle the relations between different sizes and types of such loading units, and for
practical cases.
In operational planning, a future work possibility is to include other types of
uncertainty sources into the planning. The examples are uncertainty of service time at
hubs, network disruption sources (such as travel cancellations, accidents, and delays),
and availability of modes.

Appendix A

An Extended MIP for
Multimodal FCMNFP with
Perishable Products and
Empty Repositioning of
Three Sizes
Chapter 3 proposed a Mixed-Integer Program (MIP) for the multimodal transportation of perishable products with integrated management of Returnable Transport
Items (RTIs). In that chapter, RTIs were assumed to have equal sizes, or in other
words, they were homogeneous. In a perishable industry however, RTIs can have
different sizes ranging from a small box to a large 45-feet container. This technical
appendix presents a model for multimodal transportation with three sizes of RTI. The
contribution of this work is to include the interactions between these classes of RTIs
(such as their loading hierarchy) into the model of Chapter 3. Sections A.1 and A.2
describe the problem and the related literature respectively. Sections A.3 and A.4
then, explain the extensions to the previous model, and present the mathematical
formulation respectively. Section 3.5 shows the results of solving this problem by
a state-of-the-art MIP solver. Finally, in Section A.6, some concluding remarks are
provided.

142

Chapter A. An Extended MIP with Empty Repositioning of Three Sizes

Figure A.1 Floricultural multi-size RTI logistics

A.1

Problem Description

Tactical planning deals with utilizing a given transportation infrastructure and
management of all the assets (here, RTIs) involved. RTIs can have different sizes
ranging from a small box to a large 45-feet container. In the horticultural industry
of the Netherlands for instance, flowers and bouquets are loaded in small RTIs
(e.g. boxes and buckets) and small RTIs are then loaded onto medium RTIs (e.g.
cages, Dense fusters, staple wagons, trolleys; Figure A.1). Chapter 3 emphasized
the importance of timely repositioning of empty RTIs, and no RTI of any size is
an exception. Their number is limited, and their availability plays a crucial role in
decreasing handling times and preserving the product quality.
Multi-size asset management in essence is unique, and different from some of the
state-of-the-art heterogeneous fleet management problems (such as in Baldacci et al.
[2010]). Heterogeneous fleet or in general assets, have more than one type, each with
its own capacity, costs, and some other distinct characteristics. A multimodal fleet
can be viewed as a special case of a heterogeneous fleet. However, these assets are not
loaded into (onto) each other. This phenomenon is here called the loading hierarchy.
Loading hierarchy brings extra features to the model. In perishable long-haul
transportation for example: 1) Small RTIs are loaded onto medium ones if transported
by trucks, 2) Medium RTIs are then loaded into big RTIs if transported by trains or
barges (Figure A.2). 3) Capacity of medium and big RTIs is defined by the number of
smaller ones they can carry, and capacity of transport modes is defined based on the
number of biggest RTIs they can accommodate. 4) Bigger RTIs also have a storage
location, and finally, 5) unlike small RTIs, medium and big ones are labeled, which
enables tracking the orders that are consolidated and carried in each of them.
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Figure A.2 Resource allocation structure in a long-haul transportation system

(a) Nesting

(b) Folding

Figure A.3 Empty nesting and folding

Besides these new features, a nesting ratio is also introduced to the multi-size RTI
problem. Nesting ratio is the average ratio of space occupied by an empty RTI
compared to a full one. Figures A.3a and A.3b show how much space nesting or
folding RTIs can save. For instance, if a loaded trolley takes on average one unit of
space, its empty one takes on average 0.3 unit of space. This ratio is then used in
related capacity constraints. Folding or nesting empty RTIs help more consolidation,
less usage of transport modes, and therefore, a cheaper repositioning operation.
One of the biggest challenges of this problem is synchronization of operations for all
RTI sizes. To pick up a transportation order, all required RTIs should be available
in time based on their loading hierarchy, and their operations cannot be segregated.
For example, medium RTIs cannot start loading, if small RTIs have not arrived to
the pickup location and are ready.
The main decisions in this problem are the flow of products (customer demand), the
repositioning of RTIs (now for all sizes), and the selection of transport modes and
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schedules to do these jobs. Similar to Chapter 3, the main decisions are based on
the flow of RTIs. Their number throughout the network is limited and their flow is
subjected to strict resource balance constraints. For instance, the number of RTIs
available at the beginning of the planning horizon should be equal to their number at
the end of horizon.
Demand is represented by orders, which have their own pair of origin and destination
locations, its volume, pickup and delivery schedules, and freshness requirements (a
maximum Time Temperature Sum (TTS) limit). However, the order volume now
shows the number of small RTIs (e.g. 32 buckets) needed to transport products. The
products can be picked up and loaded onto the RTIs at an earliest given time, and
should be delivered to the destination and unloaded at an latest given time.
In order to transport full and empty RTIs, fleets of different transportation modes
are available throughout the network, each with its given schedules, its specific
temperature, capacity (here, based on the biggest RTI they can accommodate), and
available number of vehicles. Locations also have their own temperature, which is
included in the quality measure of loading, unloading, and holding of laden RTIs at
these locations.
The objective function of this problem, similar to Chapter 3, is to minimize total
system costs, including costs related to employment of modes, costs of handling and
storing RTIs, administrative costs of these operations, etc.

A.2

Related Literature

The literature on heterogeneous asset management is vast. As stated earlier, the entire
multimodal transportation planning literature can be considered as a subdivision of
heterogeneous asset management literature.
Baldacci et al. [2010] and Topaloglu and Powell [2006] are two explicit examples.
Baldacci et al. [2010] provide an overview of different variants of heterogeneous vehicle
routing problems (VRPs), and discuss presented solution approaches in the literature.
Topaloglu and Powell [2006] models a heterogeneous fleet management problem and
the substitution among them as a Approximate Dynamic Program (ADP).
The problem of this chapter is an extension to the classic Fixed-charge Capacitated
Multicommodity Network Flow Problem (FCMNFP), where additional sets of
constraints related to product quality preservation and management of heterogeneous
Returnable Transport Items (RTI), are added to these problems.
Combined planning of different assets with their complex interactions is modeled via
layering [Powell, 2003], therefore, a multi-size RTI FCMNFP can be formulated as
a multi-layer MIP. The closest study to this environment is Zhu et al. [2014]. They
study a rail transportation problem where customer demand comes to the system as
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the number of cars they need to transport. Then, these cars are classified, rearranged
into blocks and trains, which are then routed throughout the rail network. They model
it as a three-layered Service Network Design (SND) problem and solve it by means of a
hybrid metaheuristic combining slope scaling, enhanced by long-term memory-based
perturbation strategies and ellipsoidal search method.
The problem structure and the modeling course Zhu et al. [2014] take, are different
from the ones in this work. For instance, in their study, a new layer was added to the
network for each asset management job, while here, the dimension of network stays
similar to Chapter 3. There are other differences but more in the details, such as
not including loading hierarchy and nesting ratio in their problem. The contribution
of this work is therefore to include all of these features into the model of Chapter
3. In particular, this research presents a model for three-size RTI transportation
planning problem of perishable products. In the next section, the modeling approach
is described in detail.

A.3

Modeling Extensions

The physical transportation network, the fleet of available transportation modes, and
the mode-space-time representation of Figure 3.2 remains the same. Due to similar
reasons as in Chapter 3.4, arc-based formulation is used in this work. Each node v ∈ V
in this mode-space-time network represents a location i ∈ N at a time t ∈ {1, . . . , T }
period on a mode m ∈ {1, . . . , M + 1}. Layers m = 1, . . . , M can accommodate all
transport activities, whether with fixed timetables or flexible, but the extra layer of
m = M + 1, here called holding mode H, is added to represent modeling the handling
and holding activities. A feasible arc a(i,j),t,(m1 ,m2 ) ∈ A(V × V), represents one of the
following operations:
(i) a travel arc for traveling between hub locations (i, j), leaving at particular time
t by a particular mode type m1 = m2 = m (Figure 3.3a). Depending on its
m
departure time t, a travel arc has a length of r(i,j),t
.
(ii) a loading/unloading arc for loading RTIs to a particular mode m (or unloading
from it) at a location i = j. A loading arc has a modal state of (m1 , m2 ) =
(H, m) and an unloading arc has a modal state of (m1 , m2 ) = (m, H), and like
(m ,m )
travel arcs, it can have different length of ri,t 1 2 depending on location i and
time t.
(iii) a waiting arc representing the stand-by state of a mode m1 = m2 = m (e.g. for
switching rail tracks at borders, or customs clearance) at a location i = j at
time t. The length of a waiting arc is one.
(iv) a holding arc for holding RTIs at a location i = j at time t for one time period.
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Since the last three activities occur at the locations, the arcs representing them are
called location arcs (Figure 3.3b). Let A1 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | i 6= j, m1 =
m2 } be the set of all feasible and given travel arcs in the mode-space-time network,
and let A2 = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | i = j, m1 = H k m2 = H} be the set
of all feasible location arcs in the network. Similarly, let Am = {a(i,j),t,(m1 ,m2 ) ∈
A(V × V) | m1 = H k m2 = H} be the set of all feasible loading, unloading, traveling,
and waiting arcs in the network related to mode m.
In this three-size RTI problem, there are three sets of small, medi, and big RTIs.
Therefore, the decisions are now:
1. small laden flow decisions for loaded small RTIs that are transporting the
products,
2. small assign flow decisions for empty small RTIs that are repositioned from a
location with surplus of RTIs, to the origin locations of orders to be assigned to
their transport,
3. small repos flow decisions for empty small RTIs that are repositioned from the
destination locations of orders back to the storage locations with RTI shortage.
4. medi usage decisions for each available medium RTI, which is equal to 1, if
a particular medium RTI is used to pickup and deliver the small RTIs flowed
around the network, and is equal to 0, otherwise,
5. big usage decisions for each available big RTI, which is equal to 1, if a particular
big RTI is used to pickup and deliver the medium RTIs flowed around the
network, and is equal to 0, otherwise.
Decisions on small RTIs are different from the decisions on medium and big RTIs.
Small RTIs are not unique (labeled) and have a nonnegative nature, while medium
and big RTIs are labeled, and usage and routing of each of them is optimized in this
planning problem. Therefore, their decision variables have a binary nature.
In the remainder of this section, the proposed MIP is presented. Appendix B provides
a summary of all notations used.

A.4

A Mathematical Model for RTIs with Three
Sizes

In this section, the mathematical formulation for the multimodal network flow
problem with product quality preservation and RTI management of three sizes is
explained.
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An order p is characterized by its origin O(p), its destination D(p), volume (based
on small RTIs) wp , an earliest pickup time of P T (p), a latest delivery due date of
DT (p), and the maximum allowed TTS of Lp . The number of needed medium and
big RTIs is not indicated in the order. Their usage and routing are decisions that the
model will determine based on all consolidation options and order requirements.
Again a fleet of m ∈ {1, . . . , M} transportation modes with their own capacity, speed,
fixed costs, and variable costs is available. However, capacity and variable costs of
each mode are now defined on medium and big RTI scale. In general, if transportation
modes have their own installed big containers (e.g. truck trailers, train cars, etc.),
their capacity is defined on the number of medium RTIs they can accommodate
(Figure A.2). Otherwise, their capacity is based on big RTIs. In Chapter 3, trucks,
trains, and barges were the possible modes. Here, trucks are replaced with reefer
trucks. Since, they not to be able to carry containers, their capacity is defined by
the number of medium RTIs they can carry. Such an assumption makes the MIP a
special case and adds to the complexity of the problem, but it is not unrealistic. The
reason is to show how these capacity differences can be represented in a MIP.
Each location i is assumed to have a temperature li,t at time t. Moreover, each
location i is assumed to have Si,small , Si,medi , Si,big ≥ 0 number of small, medium,
and big RTIs available at the beginning of the planning horizon, and the number of
RTIs at the end of horizon should be equal to the initial value. Of course, the location
of small, medium, and big RTI storages are not necessarily the same, and inbound
(m1 ,m2 )
(m1 ,m2 )
hubs are not obliged to keep similar number of them. Let Ci,small
, Ci,medi
, and
(m ,m )

Ci,big1 2 be the general term for loading, unloading, and holding costs per small,
medium, and big RTI per time period, which are enforced on the location arcs.
Similar to Chapter 3, for each flow decision laden, assign, or repos, two sets of decision
variables are defined: 1) x̌ to show how many RTIs enter an arc a(i,j),t,(m1 ,m2 ) , and
2) x̂ to show how many RTIs exit the arc. Similarly, there are two sets of variables
y̌ and ŷ to show the number of vehicles respectively entering and exiting an arc.
The auxiliary binary variables b̌ and b̂ are also added to help calculating TTS. Three
categories of variables U track the inbound and outbound small flows at each location
and to connect the flow of loaded and empty small RTIs throughout the network.
The auxiliary binary variables b̌ and b̂ help calculating Time Temperature Sum (TTS)
measure which is used as a quality preservation constraint.
As mentioned in Section A.1, medium and big RTIs are labeled, meaning that the
usage and routing of each of them is optimized in the model. Assuming g = 1, . . . , G
and k = 1, . . . , K number of medium and big RTIs available in the system, new sets
of binary variables are introduced showing their usage. Two sets of variables ěg , ěk
show a medium and a big RTI entering an arc, and two sets of variables êg and êk
show a medium and a big RTI exiting the arc. When a medium and a big RTI are
used to move small RTIs between locations i, and j, departing at time t, their usage
variables are equal to 1. Similar to small RTIs, there are variables Ug and Uk to track
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Figure A.4 A Simplified Example Showing Small RTI flows in comparison of medium
and big RTI Usage

the inbound and outbound medium and big RTI usage throughout the network.
To give an example of how these variables are connected to each other, Figure A.4
shows an order for transporting small RTIs from location 3 to location 4 departing
at t3 . For this order, empty small RTIs are assigned from their storage at location 2
and later, repositioned back to this location. In order to transport these small RTIs,
container k picks up trolley g and goes to the location where small RTIs are going to
be transported. After finishing its transportation tasks, container k delivers trolley g
back to its storage location at 1. Of course, this is a simplified example, and there are
many x̌, b̌, ěg , and ěk variables, as well as y̌ variables that become positive in such a
case.
A value G for the total number of available medium RTIs is assumed in the problem.
It is a given, but in this work, assuming capg to be the capacity of medium RTIs
based on the number of small ones they can carry, this value is set to:
& PP
G=

p=1 wp
capg

'
+P

(A–1)

Likewise, the total number of available big RTIs is K, and assuming their capacity to
be capk equal to the number of medium RTIs they can accommodate, its value is set
a priori to:
& PP
K=

p=1 wp
capg × capk

'
+P

(A–2)
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The FCMNFP model with product quality preservation and empty RTI management
of three sizes is then formulated as follows:
The objective function is in the form of minimizing total system costs. Similar to
Chapter 3, its terms respectively represent (A–3a) flow costs of the loaded small
RTIs, (A–3b) flow costs of the assigned and repositioned empty small RTIs, (A–3c)
and (A–3d) locational costs of loaded, assigned, and repositioned small RTIs, and
(A–3e) costs of using the modes. The newly added terms (A–3f) and (A–3g) represent
all costs related to medium and big RTIs.
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k=1

Constraints (A–4)-(A–9) again match pairs of entering and exiting variables, to ensure
network arc connectivity. Constraints (A–10)-(A–13) are the equivalent equations for
medium and big RTI usage respectively.

cat
x̌cat
p,(i,j),t,(m1 ,m2 ) = x̂p,(i,j),(t+r m

∀cat ∈ {laden, empty, repos},
a(i,j),t,(m1 ,m2 ) ∈ A1
p = 1, . . . P

(A–4)

cat
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y̌(i,j),t,(m1 ,m2 ) = ŷ(i,j),(t+rm

(i,j),t

),(m1 ,m2 )
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y̌(i,i),t,(m1 ,m2 ) = ŷ

(m ,m2 )
),(m

(i,j),(t+ri,t 1

b̌p,(i,j),t,(m1 ,m2 ) = b̂p,(i,j),(t+rm

(i,j),t

b̌p,(i,i),t,(m1 ,m2 ) = b̂

),(m1 ,m2 )

(m ,m2 )

p,(i,j),(t+ri,t 1

medi
ěmedi
g,(i,j),t,(m,m) = êg,(i,j),t+r m

(i,j),t

medi
ěmedi
g,(i,i),t,(m1 ,m2 ) = ê

(m ,m2 )

(i,j),t

ěbig
k,(i,i),t,(m

1 ,m2 )

= êbig

),(m1 ,m2 )

),(m1 ,m2 )

g,(i,j),t+ri,t 1

= êbig
ěbig
k,(i,j),t+r m
k,(i,j),t,(m,m)

1 ,m2 )

),(m1 ,m2 )

),(m1 ,m2 )

(m ,m2 )

k,(i,j),t+ri,t 1

),(m1 ,m2 )

∀a(i,j),t,(m1 ,m2 ) ∈ A2

(A–7)

∀a(i,j),t,(m1 ,m2 ) ∈ A1
p = 1, . . . P

(A–8)

∀a(i,j),t,(m1 ,m2 ) ∈ A2
p = 1, . . . P

(A–9)

∀a(i,j),t,(m1 ,m2 ) ∈ A1
g = 1, . . . , G

(A–10)

∀a(i,j),t,(m1 ,m2 ) ∈ A2
g = 1, . . . , G

(A–11)

∀a(i,j),t,(m1 ,m2 ) ∈ A1
k = 1, . . . , K

(A–12)

∀a(i,j),t,(m1 ,m2 ) ∈ A2
k = 1, . . . , K

(A–13)

Constraints (A–14) are flow conservation constraints. These constraints define
variables U as the total net flow (loaded small RTIs, assigned empty and repositioned
empty small RTIs) for each order at each location and time period.

cat
Upit
=

X

X M+1
X

x̌cat
p,(i,j),t,(m1 ,m2 )

j∈V−{i} t0 >t m=1

−

X

X M+1
X

x̂cat
p,(j,i),t,(m1 ,m2 )

j∈V−{i} t0 <t m=1

∀cat ∈ {laden, empty, repos},
i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(A–14)

Constraint set (A–15) enforces the flow of loaded small RTIs (orders) between origin
and destination locations. It enforces the outbound flow of an origin node to be wp and
the inbound flow of a destination node to be −wp . Note that even though Constraints
(A–15) are equality constraints, there is no obligation for an order to immediately be
loaded and transported at its earliest pickup time. In a feasible solution, an order
might be held for several time periods before loading. Similarly, the delivery due date
of an order is not definite.

i = O(p), t = P T (p)
 = wp
= −wp
i = D(p), t = DT (p)

=0
o.w.

Si,small > 0, t = 0
 ≤ Si,small
assign
= −wp
i = O(p), t = P T (p)
Upit

0
o.w.

i = D(p), t = DT (p)
 = wp
repos
≥ −Si,small
Si,small > 0, t = T
Upit

0
o.w.
laden
Upit

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(A–15)

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(A–16)

∀i ∈ V,
t = 1, . . . , T
p = 1, . . . P

(A–17)
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Constraints (A–16) and (A–17), in a similar fashion enforce the flow of empty small
RTIs between origin and destination locations. The origin locations of the assigned
empty RTIs are the RTI storage locations with Si,small > 0. Their destination
locations are the locations where they are needed to be loaded and transport the
products (O(p),PT(p)). On the other hand, the repositioned empty RTIs need to get
back to the storage locations. Therefore, the locations with Si,small > 0 are their
destinations and their origin locations are the locations where the loaded RTIs are
unloaded (D(p),DT(p)). Constraint (A–18) enforces the number of empty small RTIs
assigned from a storage locations to be equal to the number of RTIs returned there.

X

M+1
P
X X

x̌assign
p,(i,j),0,(m

1 ,m2 )

j∈V−{i} m=1 p=1

X

=

M+1
P
X X

x̂repos
p,(j,i),T,(m

1 ,m2 )

∀i ∈ V : Si > 0

j∈V−{i} m=1 p=1

(A–18)

Constraints (A–19) and (A–20) are equivalent conservation constrains for using
medium and big RTIs, and constraint sets (A–21) and (A–22) enforces that at each
medium and big RTI storage location, a medium or a big RTI can be at most used
once, and for the rest of network, if a medium or a big RTI enters a node, it should
also leave it.

Ugit =

X

X M+1
X

j∈V−{i} t0 >t

m=1

X

−

ěmedi
g,(i,j),t,(m1 ,m2 )
X M+1
X

êmedi
g,(j,i),t,(m1 ,m2 )

j∈V−{i} t0 <t m=1

Ukit =

X

X
X M+1

j∈V−{i} t0 >t

−

ěbig
k,(i,j),t,(m

Ugit

Ukit

(A–19)

∀i ∈ V,
t = 1, . . . , T
k = 1, . . . , K

(A–20)

1 ,m2 )

m=1

X

X M+1
X

êbig
k,(j,i),t,(m

j∈V−{i} t0 <t m=1


 ≤1
≤1
=

=0

 ≤1
≤1
=

=0

∀i ∈ V,
t = 1, . . . , T
g = 1, . . . , G

1 ,m2 )

Si,medi > 0, t = 0
Si,medi > 0, t = T
o.w.

∀i ∈ V,
t = 1, . . . , T
g = 1, . . . , G

(A–21)

Si,big > 0, t = 0
Si,big > 0, t = T
o.w.

∀i ∈ V,
t = 1, . . . , T
k = 1, . . . , K

(A–22)

Constraints (A–23) and (A–24) are logical constraints which are used to calculate the
TTS of orders. Note that M is the classic “big M”. Based on these constraints then,
if there is no flow of products on a specific arc (x̌ = 0), that arc will not be included
in the constraint on TTS (b̌ = 0).
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x̌laden
p,(i,j),t,(m1 ,m2 ) ≥ b̌p,(i,j),t,(m1 ,m2 )

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . P

(A–23)

x̌laden
p,(i,j),t,(m1 ,m2 ) ≤ Mb̌p,(i,j),t,(m1 ,m2 )

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . P

(A–24)

Based on Constraints (A–23) and (A–24), Constraint set (A–25) states that for each
order, the total time × temperature of moving and handling an order must be less
than or equal to the total required TTS of that order.
X

m
m
l(i,j),t
× r(i,j),t
× b̌p,(i,j),t,(m,m)

a(i,j),t,(m ,m ) ∈A1
1
2

+

(m ,m2 )

X

li,t 1

(m ,m2 )

× ri,t 1

× b̌p,(i,i),t,(m1 ,m2 ) ≤ Lp

∀p = 1, . . . P

(A–25)

a(i,j),t,(m ,m ) ∈A2
1
2

In this work, there are capacity restrictions enforced on medium RTIs, big RTIs,
and on transportation modes, represented by Constraints (A–26)-(A–35). In order
to incorporate nesting ratio into capacity computations, first, Constraints (A–26),
(A–27), and (A–28) define the total number of small RTIs, medium RTIs, and big
RTIs between i and j at time t. These constraints are later used to find the proportion
of medium RTIs, big RTIs that are empty and are nested in a bigger RTI or vehicle.
Πsmall
(i,j),t,(m,m) =

P
X

small
x̌laden
p,(i,j),t,(m,m) + β

p=1

P
X

x̌assign
p,(i,j),t,(m,m)

p=1

+ β small

P
X

x̌repos
p,(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am

(A–26)

ěmedi
g,(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am

(A–27)

ěbig
k,(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am

(A–28)

p=1

Πmedi
(i,j),t,(m,m) =

G
X
g=1

Πbig
=
(i,j),t,(m,m)

K
X
k=1

Constraints (A–29) and (A–30) are weak and strong capacity constraints on the
medium RTIs respectively. The total number of small RTIs (laden or empty) moved
between i and j at time t should be less than or equal to the total capacity of medium
RTIs transporting them.
medi
Πsmall
× Πmedi
(i,j),t,(m,m) ≤ cap
(i,j),t,(m,m)

a(i,j),t,(m1 ,m2 ) ∈ Am

(A–29)

medi
x̌cat
× Πmedi
p,(i,j),t,(m,m) ≤ cap
(i,j),t,(m,m)

∀cat ∈ {laden, empty, repos},
a(i,j),t,(m1 ,m2 ) ∈ Am

(A–30)

Likewise, constraints (A–31) and (A–32) are weak and strong capacity limits on big
RTIs. Using ceiling function, constraint (A–31) enforces the total loaded and empty
medium RTIs to be less than the capacity of the big RTIs carrying them.
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l
m

medi
Πsmall
+ β medi Πmedi
(i,j),t,(m,m) /cap
(i,j),t,(m,m)
l
m
medi
big
− Πsmall
/cap
≤
cap
× Πbig
(i,j),t,(m,m)
(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am

(A–31)

big
ěmedi
× Πbig
g,(i,j),t,(m,m) ≤ cap
(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am

(A–32)

Finally, constraints (A–33)-(A–35) enforce the capacity of transportation modes. The
total number of big RTIs transported by each mode should not exceed the capacity of
vehicles transporting them, if that mode is chosen. It was explained in the previous
section that big RTIs are not allowed on reefer trucks (constraint (A–35)). It was
assumed that big RTIs are transported by trains and barges.

m
Πmedi
(i,j),t,(m,m) ≤ cap × y̌(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am , m = reef er − truck

(A–33)

Πbig
(i,j),t,(m,m)

∀a(i,j),t,(m1 ,m2 ) ∈ Am , m 6= reef er − truck

(A–34)

∀a(i,j),t,(m1 ,m2 ) ∈ Am , m = reef er − truck

(A–35)

K
X

≤ cap

m

× y̌(i,j),t,(m,m)

=0
ěbig
k,(i,j),t,(m,m)

k=1

Let At,m = {a(i,j),t,(m1 ,m2 ) ∈ A(V × V) | m1 = m, m2 = m, t̃ ≤ t ≤ t̂} be the set of all
arcs of mode m ∈ {1, . . . , M} crossing time period t. Constraint (A–36) then states
that in each time period, the number of used vehicles of a mode type must be less
than or equal to a maximum value F m .

X

y̌(i,j),t,(m1 ,m2 ) ≤ |F m |

a(i,j),t,(m ,m ) ∈At,m
1
2

∀t = 1, . . . , T,
m = 1, . . . , M

(A–36)

Finally, Constraints (A–37)-(A–41) define the nature of variables in this formulation,
big
big
medi
with new binary ěmedi
g,(i,j),t,(m1 ,m2 ) , êg,(i,j),t,(m1 ,m2 ) , ěk,(i,j),t,(m1 ,m2 ) and êk,(i,j),t,(m1 ,m2 ) .

cat
x̌cat
p,(i,j),t,(m1 ,m2 ) , x̂p,(i,j),t,(m1 ,m2 ) ≥ 0

∀cat ∈ {laden, empty, repos},
a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . , P

(A–37)

b̌p,(i,j),t,(m1 ,m2 ) ∈ {0, 1}

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
p = 1, . . . , P

(A–38)

medi
ěmedi
g,(i,j),t,(m1 ,m2 ) , êg,(i,j),t,(m1 ,m2 ) ∈ {0, 1}

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
g = 1, . . . , G

(A–39)

ěbig
k,(i,j),t,(m

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),
k = 1, . . . , k

(A–40)

∀a(i,j),t,(m1 ,m2 ) ∈ A(V × V),

(A–41)

(m ,m2 )

1
y̌(i,j),t

1 ,m2 )

∈N

, êbig
k,(i,j),t,(m

1 ,m2 )

∈ {0, 1}
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A.5

Numerical Experiments

In this section, the proposed formulation presented in Section A.4 is verified on two
groups of instances with 7 and 11 locations, three transportation modes of reefer
trucks, train, and barge, and three RTIs. All instances are solved on a 2.4 GHz CPU
with 16.00 GB RAM, and Gurobi solver 6.5.2 is used as the MIP solver. The instances
are run for a maximum time of 10 hours.
Section 3.5.2 indicated the complexity of a single-size RTI model to be NP-hard.
The three-size RTI model incorporates additional resource interaction decisions and
constraints which add further complexity to the problem. In this work similarly, the
so-called “colt”1 library is used to replace the standard matrix format with a sparse
one, in order to decrease the memory consumption of Gurobi.

A.5.1

Instance Sets

The instance sets used in this work are extensions to the instances used in Chapters
3 and 4. Two of the network locations are inbound hubs and the rest are outbound
hubs. Inbound hubs are locations where the products come from all around the world
to get sold, sorted, and consolidated for the shipments. The outbound hubs on the
other hand are locations that the shipments are divided and packaged for the last-mile
distribution.
Regarding the transportation modes, there are three classes of reefer truck, train, and
barge transportation. Table A.1 gives the parameter setting for the modes. Table
A.2 too gives the parameter setting on the RTIs [AI, 2016, CHP, 2016].
Without loss of generality, and by observing the practice, it is assumed that the empty
RTIs in this network are stored at the inbound hubs. It is argued that the model is
general enough to accept any mapping of RTI storages. Small RTIs are assumed to
be stored at Aalsmeer, while medium and big RTIs are stored at Naaldwijk. Later,
results are compared with instances where all types of RTIs are stored at Aalsmeer,
to show the repositioning cost differences.
Table A.1 Transportation mode inputs
f req m
Reefer Truck services
Train services
Barge services

1
6
2

capm capm
Fm
(1)
(2)
22
-

80
32

200
10
10

lm speedm
5
5
5

65
32.5
18.52

m
Cfix

m
CHR

m
CKM

136.34
179.37
118.04

49.02
13.17
3.95

0.28
0.24
0.06

1: based on medium RTIs
2: based on big RTIs

The instances are named as ”nAmBrCoD” where value of A shows the number of
1 http://acs.lbl.gov/software/colt/
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Table A.2 Returnable Transport Item (RTI) inputs
capg (1)

capk (2)

β

CHR

Chold

10
-

22

0.33
0.44
1.00

0.04
0.20
0.29

0.002
0.008
0.010

Small
Medi
Big

1: based on medium RTIs
2: based on big RTIs

Table A.3 Initial results
Upper
Bound

No. of RTIs
Gap Comp.
Big
(%) Time Medi

n

m o

7
7
7
7
7
7

1
2
3
1
2
3

5
5
5
10
10
10

5889
4589
N.S.
N.S.
N.S.
N.S.

15.08
13.56
-

10H
10H
-

12
12
-

11
11
11
11
11
11

1
2
3
1
2
3

5
5
5
10
10
10

3821
3348
N.S.
7682
N.S.
N.S.

44.15
44.4
45.45
-

10H
10H
10H
-

7
7
14
-

No. of Vehicles
R.

T.

B.

3
-

13
6
-

7
-

-

2
-

11
7
21
-

5
-

-

Note: N.S. stands for “No Solution”, and 10H is an abbreviation for
10 Hour time
Note: R. stands for reefer trucks, T. stands for trains, and B. stands
for barges.

locations, value of B is the number of mode types, value of C is the number of RTIs,
and value of D stands for the number of orders. The instances with m1 only have
reefer truck options, the instances with m2 have reefer truck and train options, and
the instances with m3 have all modes available.

A.5.2

Results

Tables A.3 gives an overview of the results, including the obtained upper bounds
within 10 hours, the optimality gap, and some statistics on the multimodal fleet.
As shown in the table, Gurobi solver is not able at all to find the optimal solution
of even the smallest instances within 10 hours. The computation effort depends not
only the number of locations, but on the number of modes and orders. For instances
with more than 10 orders, Gurobi runs out of memory before starting the branchand-bound. For instances with 5 or 10 orders and no solutions, Gurobi is not able to
start the branching within 10 hours.

156

Chapter A. An Extended MIP with Empty Repositioning of Three Sizes

Table A.4 Comparison of results for repositioning location cases
Different Locations
No. of RTIs No. of Vehicles
Gap
Big R. T.
B.
(%) Medi

Similar Locations
No. of RTIs
No. of Vehicles
Upper
Bound

Gap
(%) Medi

n

m o

Upper
Bound

7
7
7
7
7
7

1
2
3
1
2
3

5
5
5
10
10
10

5889
4589
N.S.
N.S.
N.S.
N.S.

15.08
13.56
-

12
12
-

3
-

13
6
-

7
-

-

5072
4222
5082
N.S.
7155
6934

7.63
21.12
42.52
27.94
36.99

12
12
12
33
35

2
6
6
8

11
11
11
11
11
11

1
2
3
1
2
3

5
5
5
10
10
10

3821
3348
N.S.
7682
N.S.
N.S.

44.15
44.4
45.45
-

7
7
14
-

2
-

13
7
21
-

5
-

-

2801
2671
N.S.
N.S.
5502
5566

39.37
43.79
59.9
63.05

7
7
17
16

2
6
8

Big R.

T.

B.

10
5
4
6
5

6
5
13
4

8
13

9
5
3
3

4
14
7

10

Note: R. stands for reefer trucks, T. stands for trains, and B. stands for barges.

A.5.3

Similar RTI Storage Locations

So far, it was assumed that the empty small RTIs are stored at Aalsmeer, while
medium and big RTIs are stored at Naaldwijk. In this section, the results are
compared to the case where all types of RTIs are stored at Aalsmeer. The reason
is that Aalsmeer is the biggest inbound hub with processing logistics of the majority
of imported and exported products. Of course, a better and more general assumption
is that big RTIs are stored at hubs with rail and waterway connections, but in this
thesis, both Aalsmeer and Naaldwijk have rail and waterway connections to other
locations (Figure 4.7). Table A.4 and A.5 show the results of comparing solutions for
different and similar RTI locations.
Looking at Table A.4, Gurobi solver is able to find an upper bound for more instances
within 10 hours. However, this difference is not significant. Moreover, it is clear that
new solutions have less repositioning movements with less vehicles.
Table A.5 gives an overview on medium and big repositioning costs for the few
comparable instances. Comparing the results of Gurobi solver, storing all RTIs at
Aalsmeer shows a significant reduction of repositioning costs for medium and big
RTIs, and for instances with 11 locations, the cost decrease is even more than 90%.
Table A.5 does not show the comparison of small RTI repositioning. The reason is
that repositioning small RTIs did not have any significant difference in all comparable
instances. However, since there are only a few comparable instances at hand, no
further conclusions could be drawn on small RTI repositioning. Furthermore, in this
chapter, storage locations of medium RTIs was not tested separated from the big
ones, but the model can still provide solutions for any different medium RTI storage
mapping. In addition, it is argued that storing medium RTIs in locations with the
most product flow traffic would results in a repositioning cost decrease, similar to
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Table A.5 Comparison of “repositioning costs” of medium and big RTI for all cases
Different Storage Location
Medi
Big

Similar Storage Location
Medi
Big

n

m o

7
7
7
7
7
7

1
2
3
1
2
3

5
5
5
10
10
10

514
351
-

0
28
-

-22
-69
-

-49
-

11
11
11
11
11
11

1
2
3
1
2
3

5
5
5
10
10
10

314
300
-

0
41
-

-91
-90
-

-100
-

Table A.5. In the next section, some concluding remarks are presented.

A.6

Concluding Remarks

In this technical appendix, the single-size RTI multimodal transportation problem of
perishable products was extended to include three RTI (small, medium, and big) sizes,
their loading hierarchy, and the empty nesting (folding) phenomenon. In practice,
perishable products are loaded in small RTIs, then these RTIs are loaded onto the
medium and big sizes, in order to be transported via a multimodal network. The
empty RTIs to be repositioned are either folded, or nested onto each other, in order
to save space and utilize less mode capacity.
The MIP of Chapter 3 was extended with introducing new constraints to the previous
optimization problem. This problem is NP-hard, and as results show, a state-of-theart MIP solver is hardly able to find optimal solutions for even the smallest instances
with 5 orders within 10 hours. A future possible research direction is to design
metaheuristic algorithms that can provide good solutions for larger instances.

158

Chapter A. An Extended MIP with Empty Repositioning of Three Sizes

Appendix B

List of Notations
Common Indexes
i, j
(i, j)
t, t1 , t2 , t̃, t̂
m, m1 , m2
(m1 , m2 )

p

Index for locations 1, . . . , N
Index representing a locational state (a travel arc between two
locations if i 6= j, or a location arc if i = j)
Index for time periods 1, . . . , T
Index for modes 1, . . . , M + 1, where M + 1 is holding mode
H
Index representing a mode state (loading, unloading, transshipment, if m1 6= m2 , or traveling, waiting, and holding, if
m1 = m2 )
Index for orders 1, . . . , P

Common Sets
V
A
A1
A2
Am
At,m

Set of all mode-space-time network nodes
Set of all feasible mode-space-time arcs a(i,j),t,(m1 ,m2 )
Set of all feasible travel arcs in the network
Set of all feasible location arcs in the network
Set of all feasible loading, unloading, traveling, and waiting
arcs in the network related to mode m
Set of all arcs of mode m ∈ {1, . . . , M} crossing time period t

Common Parameters
T

Number of time periods during a planning horizon
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P
N
M
speedm
capm
Fm
m
lm , l(i,j),t
utilm
VAT
dist(i,j)
m
rm , r(i,j),t
(m ,m2 )

ri , ri,t 1
m
Cfix
m
CHR
m
CKM
Cm
m
Claden
m
Cempty

Cihold
(m ,m )
Ci 1 2
Si
li , li,t
wp
O(p)
D(p)
P T (p)
DT (p)
Lp
a(i,j),t,(m1 ,m2 )

Number of orders
Number of hub locations
Number of transportation modes
Speed of mode m
Capacity of mode m
Maximum number of available vehicles for mode m
Temperature of mode m for traveling between locations i and
j starting at time t
Average utilization percentage of mode m
A coefficient used to show the higher cost of transporting laden
RTIs compared to empty ones
Geographical distance between locations i and j
Travel time of mode m for traveling between locations i and j
starting at time t
Operation time inside location i starting at time t
Fixed (e.g. administration) cost of operating mode m
Cost of operating mode m per hour
Cost of operating mode m per Kilometer
m
m
×
+ CKM
Cost of using one vehicle of mode m (C m = Cfix
dist(i,j) )
Variable cost of moving laden RTIs by mode m per time period
m
m
/(capm × utilm ))
(Claden
= VAT × CHR
Variable cost of repositioning empty RTIs by mode m per time
m
m
/(capm × utilm ))
= CHR
period (Cempty
Cost of holding RTIs at location i (for single-RTI model)
A general term for costs (loading, unloading, and holding) per
RTI per time period at location i
Number of available empty RTIs at location i (for single-RTI
model)
Temperature inside location i at time t
Demand volume based on number of RTIs for order p
Origin location for order p
Destination location for order p
The earliest time that order p is available for pickup at O(p)
The latest delivery time for order p at D(p)
Vaselife of order p (time × temperature)
A given (travel or location) arc in the mode-space-time network
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Common Variables
x̌cat
p,(i,j),t,(m1 ,m2 )

x̂laden
p,(i,j),t,(m1 ,m2 )

b̌p,(i,j),t,(m1 ,m2 )

cat
Upit

y̌(i,j),t,(m1 ,m2 )

Nonnegative variable representing flow of RTIs of cat ∈
{laden, empty, repos} for order p, on location state (i, j)
starting at time t, on mode state (m1 , m2 )
Nonnegative variable representing flow of RTIs of cat ∈
{laden, empty, repos} for order p, on location state (i, j)
finishing at time t, on mode state (m1 , m2 )
Binary variable equal to 1, if flow of laden RTIs for order p is
traversed on location state (i, j) starting at time t, on mode
state (m1 , m2 ), and 0, if not
Real variable representing the demand (supply, if negative) of
RTIs of cat ∈ {laden, empty, repos} for order p at location i
at time point t
Nonnegative variable representing the number of vehicles used
on location state (i, j) starting at time t, on mode state
(m1 , m2 )

Additions for the ALNS
z, z 0
z0
z?
F(z)
FDes
FRep
∆(Fe )
q
Q
Rp , Rq , Rpcat

A solution
Initial solution
Optimal solution
Objective (cost) function of solution z
Total cost of the destroyed part of a solution
Total cost of the repaired part of a solution
Cost change of iteration e
Index for order 1, . . . , Q in a neighborhood
Number of orders in each ALNS neighborhood
Route for order p or q (in cat ∈ {laden, empty, repos})

m
f(i,j),t

Fleet of mode m used to travel on (i, j) at time t

S̄
D̄
s̄i
d¯j
x̄m
(i,j),(t1 ,t2 )

Number of supply locations in the assignment problem
Number of demand locations in the assignment problem
Supply location i in the assignment problem
Demand location j in the assignment problem
Nonnegative variable representing the number of RTIs assigned
from location i to location j with the pickup time t1 and
delivery deadline of t2 , transported by mode m
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m
r̄(i,j),t
1
m
EDij
m
LDij

β
DOpers
ROpers
ωi,e
θ, θ1 , θ2 , θ3 , θ4
λ
∆(time)e
π
η
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Travel time of mode m between locations i and j starting at
time t1
Earliest possible depart time of a mode m traveling between
locations i and j
Latest possible depart time of a mode m traveling between
locations i and j
Difference in pickup times P T (p) and P T (q) (or their delivery
time DT (p) and DT (q)) of two orders p and q
Total number of destroy operators
Total number of repair operators
Weight of operator i in iteration e
Scores to evaluate the performance of operators
Reaction factor controlling the reaction of operators to the
changes in an iteration
Computation time of an iteration e
Stopping criterion of ANS-1
Stopping criterion of ANS-2

Additions for the Rolling Horizon Framework
φ
zφ
T
τ
α1 , α2 , α3
ξ

Index of a roll φ = 1, 2, 3, . . .
Solution of roll φ
Number of time periods during a planning horizon φ, φ +
1, . . . , φ + T in a roll φ
Length of a roll
Weights for concentrating the improvement on orders of t =
φ, φ + 1, φ + 2, . . .
End-of-the-week required percentage of RTI storage level Si at
location i

Additions for the Stochastic Two-Stage Program
p0
w̃p0
Ψ(w̃p0 ))
µp0
θ p0
Cθ
γ

Index for future orders 1, . . . , P 0
Random daily demand volume based on number of RTIs for
order p0
Distribution function of daily demand volume for order p0
Daily average of demand volume for order p0
Ad-hoc capacity increase for order p0
Variable cost of outsourcing per unit of RTI
Index for scenario 1, . . . , Γ
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Γ
ργ
θpγ0

Size of scenario population
Probability of scenario γ
Ad-hoc capacity increase for order p0 in scenario γ

tstore
Sirem

Next RTI storage control time period (e.g. end of the week)
Remaining inventory of empty RTIs

Additions for the Multi-RTI Model
g
k
G
K
β cat
β medi
β big
wp
Si,size
(m ,m2 )

1
Ci,size

capmedi
capbig
capm
b̌p,(i,j),t,(m1 ,m2 )

x̌cat
p,(i,j),t,(m1 ,m2 )

x̂cat
p,(i,j),t,(m1 ,m2 )

ěmedi
g,(i,j),t,(m1 ,m2 )
êmedi
g,(i,j),t,(m1 ,m2 )
ěbig
k,(i,j),t,(m1 ,m2 )

Index for medium RTIs 1, . . . , G
Index for big RTIs 1, . . . , K
Number of medium RTIs
Number of big RTIs
Nesting ratio for small RTIs in cat ∈ {laden, empty, repos}
Nesting ratio for medium RTIs
Nesting ratio for big RTIs
Demand based on number of small RTIs for order p
Number of available empty RTIs of size ∈ {small, medi, big}
at location i
General term for costs (loading, unloading, and holding) per
RTI of size ∈ {small, medi, big} per time period at location i
Capacity of medium RTIs based on number of small RTIs
Capacity of big RTIs based on number of medium RTIs
Capacity of mode m based on number of big RTIs
Binary variable equal to 1, if flow of laden small RTIs for order
p is traversed on location state (i, j) starting at time t, on mode
state (m1 , m2 ), and 0, if not
Nonnegative variable representing flow of small RTIs of cat ∈
{laden, empty, repos} for order p, on location state (i, j)
starting at time t, on mode state (m1 , m2 )
Nonnegative variable representing flow of small RTIs of cat ∈
{laden, empty, repos} for order p, on location state (i, j)
finishing at time t, on mode state (m1 , m2 )
Binary variable representing usage of medium RTIs g, on
location state (i, j) starting at time t, on mode state (m1 , m2 )
Binary variable representing usage of medium RTIs g, on
location state (i, j) finishing at time t, on mode state (m1 , m2 )
Binary variable representing usage of big RTIs k, on location
state (i, j) starting at time t, on mode state (m1 , m2 )
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êbig
k,(i,j),t,(m1 ,m2 )
cat
Upit

Ugit
Ukit
Πsize
(i,j),t,(m,m)

y̌(i,j),t,(m1 ,m2 )
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Binary variable representing usage of big RTIs k, on location
state (i, j) finishing at time t, on mode state (m1 , m2 )
Real variable representing the demand (supply, if negative) of
repositioned RTIs of cat ∈ {laden, empty, repos} for order p
at location i at time point t
Real variable representing flow of medium RTIs g at location
i at time point t
Real variable representing flow of big RTIs k at location i at
time point t
Auxiliary nonnegative variable representing the number of
RTIs of size ∈ {small, medi, big} traveling between locations
i and j, departing at time t
Nonnegative variable representing the number of vehicles used
on location state (i, j) starting at time t, on mode state
(m1 , m2 )
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L.K. Nielsen, L. Kroonb, and G. Maróti. A rolling horizon approach for disruption
management of railway rolling stock. European Journal of Operational Research,
220(2):496–509, 2012.
A. Osvald and L.Z. Stirn. A vehicle routing algorithm for the distribution of fresh
vegetables and similar perishable food. Journal of food engineering, 85(2):285–295,
2008.
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the capacitated fixed-charge network design problem. Computers & Operations
Research, 37(3):575–581, 2010.
S. Ropke and D. Pisinger. An adaptive large neighborhood search heuristic for the
pickup and delivery problem with time windows. Transportation science, 40(4):
455–472, 2006.
A. Rosenboom. Development of a decision support system for an orchestrator in the
horticultural sector, 2014. Master Thesis, TUe School of Industrial Engineering.
A. Rubin. Frequency distributions. In Statistics for Evidence-based Practice and
Evaluation, chapter 4, pages 33–47. 2010.
A. Rushton, P. Croucher, and P. Baker. Integrated logistics and the supply chain.
In The Handbook of Logistics and Distribution Management: Understanding the
Supply Chain, chapter 2, pages 16–31. 2014.
J. Schönberger. Adaptive demand peak management in online transport process
planning. OR spectrum, 32(3):831–859, 2010.
S. Sethi and G. Sorger. A theory of rolling horizon decision making. Annals of
Operations Research, 29(1):387–415, 1991.
N. Shi, H. Song, and W.B. Powell. The dynamic fleet management problem with
uncertain demand and customer chosen service level. International Journal of
Production Economics, 148:110–121, 2014.
K. Shintani, A. Imai, E. Nishimura, and Papadimitriou S. The container shipping
network design problem with empty container repositioning. Transportation
Research Part E: Logistics and Transportation Review, 43(1):39–59, 2007.
J. Shu and M. Song. Dynamic container deployment: Two-stage robust model,
complexity, and computational results. INFORMS Journal on Computing, 26(1):
135–149, 2013.
M. Sloof and B.V. Everest. Problem decomposition. In L.M.M. Tijskens, M.L.A.T.M.
Hertog, and B.M. Nicolai, editors, Food Process Modeling, chapter 2, pages 19–34.
2001.
D.P. Song and J.X. Dong. Cargo routing and empty container repositioning in multiple
shipping service routes. Transportation Research Part B: Methodological, 46(10):
1556–1575, 2012.
R. Stahlbock and S. Voß. Operations research at container terminals: A literature
update. OR spectrum, 30(1):1–52, 2008.
M. SteadieSeifi, N.P. Dellaert, W. Nuijten, T. van Woensel, and R. Raoufi.
Multimodal freight transportation planning: A literature review. European journal
of operational research, 233(1):1–15, 2014.

176

Bibliography

E.G. Talbi. Single-solution based metaheuristics. In Metaheuristics: From design to
implementions, chapter 2, pages 87–188. John Wiley and Sons, 2009.
P.S. Taoukis. Modeling the use of time-temperature indications in distribution and
stock rotations. In L.M.M. Tijskens, M.L.A.T.M. Hertog, and B.M. Nicolai, editors,
Food Process Modeling, chapter 19, pages 19–34. 2001.
C.D. Tarantilis and C.T. Kiranoudis. A meta-heuristic algorithm for the efficient
distribution of perishable food. Journal of food Engineering, 50(1):1–9, 2001.
C.D. Tarantilis and C.T. Kiranoudis. Distribution of fresh meat. Journal of Food
Engineering, 51(1):85–91, 2002.
N. Teypaz, S. Schrenk, and V.D. Cung. A decomposition scheme for large-scale service
network design with asset management. Transportation Research Part E: Logistics
and Transportation Review, 46(1):156–170, 2010.
B. Thiongane, J.F. Cordeau, and B. Gendron. Formulations for the nonbifurcated
hop-constrained multicommodity capacitated fixed-charge network design problem.
Computers & Operations Research, 53:1–8, 2015.
H. Topaloglu. A parallelizable dynamic fleet management model with random travel
times. European Journal of Operational Research, 175(2):782–805, 2006.
H. Topaloglu. A parallelizable and approximate dynamic programming-based dynamic
fleet management model with random travel times and multiple vehicle types.
In V. Zeimpekis, C.D. Tarantilis, G.M. Giaglis, and I. Minis, editors, Dynamic
Fleet Management, volume 38 of Operations Research/Computer Science Interfaces
Series. 2007.
H. Topaloglu and W.B. Powell. A distributed decision-making structure for dynamic
resource allocation using nonlinear functional approximations. Operations Research,
53(2):281–297, 2005.
H. Topaloglu and W.B. Powell. Dynamic-programming approximations for stochastic
time-staged integer multicommodity-flow problems.
INFORMS Journal on
Computing, 18(1):31–42, 2006.
H. Topaloglu and W.B. Powell. Sensitivity analysis of a dynamic fleet management
model using approximate dynamic programming. Operations research, 55(2):319–
331, 2007.
M. Tosi. Allocation of VALS activities in a metro model network in the European
floricultural market, 2014. Master Thesis, Wageningen Department of Social
Sciences.
UNECE.
Illustrated glossary for transport statistics, 2009.
URL http:
//epp.eurostat.ec.europa.eu/cache/ITY_OFFPUB/KS-RA-10-028/EN/
KS-RA-10-028-EN.PDF. ISBN: 978-92-79-17082-9.

Bibliography

177

W.J.A. van Heeswijk, M.R.K. Mes, J.M.J. Schutten, and W.H.M. Zijm. Freight
consolidation in intermodal networks with reloads.
Flexible Services and
Manufacturing Journal, 2016. DOI 10.1007/s10696-016-9259-1.
Y. Van Hui, J. Gao, L. Leung, and S. Wallace. Airfreight forwarder’s shipment
planning under uncertainty: A two-stage stochastic programming approach.
Transportation Research Part E: Logistics and Transportation Review, 66:83–102,
2014.
B. van Riessen, R.R. Negenborn, and R. Dekker.
Synchromodal container
transportation: An overview of current topics and research opportunities. In
International Conference on Computational Logistics, pages 386–397, 2015.
S. Verhoeven. Hub location decisions in the metromodel, 2014. Master Thesis, TUe
School of Industrial Engineering.
M. Verma and V. Verter. A lead-time based approach for planning rail-truck
intermodal transportation of dangerous goods. European Journal of Operational
Research, 202(3):696–706, 2010.
M. Verma, V. Verter, and N. Zufferey. A bi-objective model for planning and managing
rail-truck intermodal transportation of hazardous materials.
Transportation
research part E: logistics and transportation review, 48(1):132–149, 2012.
K. Verweij. Synchronic modalities - Critical success factors. In van der Sterre P.J.,
editor, Logistics Yearbook edition 2011, pages 75–88. Rotterdam, 2011.
T. Vlassak. Future-proof return logistics in the floriculture sector, 2014. Master
Thesis, TUe School of Industrial Engineering.
N. Wieberneit. Service network design for freight transportation: A review. OR
spectrum, 30(1):77–112, 2008.
M. Yaghini, M. Karimi, M. Rahbar, and M.H. Sharifitabar. A cutting-plane
neighborhood structure for fixed-charge capacitated multicommodity network
design problem. INFORMS Journal on Computing, 27(1):48–58, 2014.
J. Yang, P. Jaillet, and H. Mahmassani. Real-time multivehicle truckload pickup and
delivery problems. Transportation Science, 38(2):135–148, 2004.
E. Zhu, T.G. Crainic, and M. Gendreau. Scheduled service network design for freight
rail transportation. Operations research, 62(2):383–400, 2014.
R.A. Zuidwijk and A.W. Veenstra. The value of information in container transport.
Transportation Science, 49(3):675–685, 2014.

Summary
Multimodal Transportation for Perishable Products
Every day, a significant amount of perishable products are transported around
Europe, each with their own characteristics and preservation requirements. Perishable
products are products losing their value or quality over time, if not appropriately
stored or transported. Given short shelf-life of these products and high degree of
supply and demand uncertainty, most industries resort to fast and direct transport
(such as air or road) which are usually expensive, and not environmentally desirable.
On the other hand, resorting to the cheapest transportation options, results in longer
delivery, and therefore, perished products. The focus of this thesis is on developing
relevant models and algorithms to find the trade-off between operational consideration
and product quality preservation requirements.
A cheap and environmentally friendly long-haul transportation requires consolidation
and switching from air and road to other modes of transport. Consolidation and mode
switching are the highlighted advantages of multimodal transportation. Multimodal
freight transportation is defined as the transportation of goods by a sequence of
at least two different modes of transportation. It offers a potential platform for
a more efficient, reliable, flexible, and sustainable freight transportation. However,
planning operations of a multimodal system added to the extra quality preservation
of perishable products is heavily complex. Therefore, the main research question
in this thesis involves an improved understanding whether multimodal transportation
platform can be used for perishable products.
Despite gaining more attention, the literature on long-haul transportation of perishable products, especially with including temperature conditions in modeling
product quality preservation measure, is very limited. Moreover, the key operational
challenge of managing transportation resources, and more specifically, repositioning
of the empty loading units called Returnable Transport Items (RTIs), deserves more
attention. RTIs can have different sizes ranging from a small box to a large 45-feet
container. Their number in the entire chain is limited, and their shortage at locations
that they are needed results in quality decay of the products waiting for them, which
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therefore results in lost sales and less profit. This thesis adds to the current literature
by assuming a multimodal infrastructure and including such operational challenges
into the planning.
Infrastructure expansion or change is in domain of governmental and national
organizations, and ownership of vessels, trains, etc. is not practical for one perishable
industry alone, who is merely a user to a multimodal infrastructure. Therefore, in this
thesis, strategic planning is out of scope, and in two parts, tactical and operational
planning problems are addressed. Moreover, there is a vast literature on first-mile
and last-mile distribution of perishable products, therefore, this thesis only focuses
on long-haul multimodal transportation planning.
In order to position the current thesis in the literature of multimodal freight
transportation planning, first in Chapter 2, an overview of the recent research on
tactical and operational planning problems of multimodal freight transportation is
presented. This chapter highlights recent modeling and algorithm design advances,
and identifies some gaps that can be subjects of future work. Taking these gaps into
account, this thesis contributes to the literature from the perspective of a perishable
product industry.
In tactical planning part, in Chapter 3, the planning problem of multimodal
transportation of perishable products, with its decisions and constraints regarding
the flow of products, the repositioning of RTIs, and arrangement of multimodal fleet,
is described. This problem is an extension to the classic Fixed-cost Capacitated
Multicommodity Network Flow Problem (FCMNFP). It is formulated as a Mixed
Integer Program (MIP), where new sets of constraints on quality preservation and
RTI repositioning are added. Due to severe complexity of this problem, in this
chapter, only one RTI size (e.g. trolleys) is included. The results of this chapter
show that the problem is too complex to be solved by a state-of-the-art MIP solver
for the real-world sizes. Appendix A extends this single-RTI planning problem to
include three (small, medium, and large) sizes of RTIs with extra attributes: 1) there
is a loading heirarchy among these RTIs, and each size should be loaded into (onto)
its immediate bigger RTI size, and 2) the empty RTIs can be nested or folded to
save space. These properties bring extra complexity to the problem, compared to
a state-of-the-art heterogeneous resource management. Due to high complexity of
the problem in Chapter 3, in Chapter 4, an Adaptive Large Neighborhood Search
(ALNS) algorithm is proposed to solve the MIP of Chapter 3. Application of ALNS
algorithms is new to the FCMNFP literature, and the contribution of this part is in
design of new neighborhoods, and in the introduction of extra search strategies to
improve performance of the algorithm. The results showed that the algorithm is fast,
does not take up much memory, and provides good and robust solutions.
Some practical insights: The tactical solutions show that a multimodal transportation of products and repositioning of RTIs provides much cheaper transportation
plans. The delivery due dates and the hard quality preservation restriction of products
however, do not allow for much usage of non-truck modes in forward flows of products.
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Trains and barges are mostly used for repositioning empty RTIs. Moreover, timely
repositioning of empty RTIs is essential and no RTI of any type and size is an
exception. Results show that having a central storage for all of them, close to the
hubs with highest product flow traffic results in significant repositioning savings.
In operational planning part, Chapter 5 first describes the operational planning
problem of long-haul transportation of perishable products, with its decisions and
constraints. This problem is a dynamic extension to the planning problem of Chapter
3, where at specific decision occasions (e.g. every 12 hours) and based on collected
data on arrived demand and system evolution, a deterministic FCMNFP with
updated parameters on new demand, RTI repositioning, and available multimodal
transportation options, is reformulated and solved. Chapter 5 then presents a rollinghorizon framework to contain and control this decision process, where a modified
version of the ALNS of Chapter 4 is employed to provide new and adjusted plans, in
order to efficiently respond to the new demand and system changes. The solutions
of Chapter 5 however, rely only on revealed data, and do not include anticipation
of future demand. Demand of perishable products fluctuates day to day, and there
are daily, weekly, and seasonal trends influencing the volume that each customer
wants to transport. As a result, the solutions of Chapter 5 might end up either
employing last-minute expensive transportation options when demand is too high,
or having underutilized fleet when demand is too low. In Chapter 6, demand is
assumed to be stochastic, and the operational planning problem of Chapter 5 with
stochastic demand is transformed into a dynamic and stochastic planning problem,
where at each decision occasion, a Scenario-based Two-stage Stochastic Program
(STSP) is reformulated and solved. This STSP is an extension to the planning
problem of Chapter 3, where at the first stage, the multimodal fleet is arranged
and at the second stage, this arrangement is used to find optimal product flow and
RTI repositioning over a generated population of demand scenarios. The rollinghorizon framework of Chapter 5 is further extended to include these scenarios, and
the ALNS of Chapter 5 is also modified to include redesigned neighborhoods and
parameter tuning. Therefore, at specific decision occasions, and after collecting
arrived demand data, a scenario population for demand of the coming time periods is
generated, and then by solving the STSP, new plans and adjustments are made. With
simulating the results of both deterministic and stochastic planning frameworks, the
influence of future demand anticipation is later analyzed. The application of rollinghorizon approaches in planning long-haul transportation operations is very limited,
and Chapters 5 and 6 add to the literature by adapting it to the scope of this thesis,
incorporating stochastic demand, and presenting vast analysis on its properties.
Some practical insights: The operational solutions show that in designing a good
operational planning framework, a trade-off between cost and loss of sale should be
considered. The shorter decision intervals are (e.g. every six hours), the less sale
is lost. However, shorter intervals come with the price of having less information
about the future. With less information, the chances of consolidation decrease, and
the arranged fleet is under-utilized. This problem is solved by incorporating an
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anticipation of the future. In this thesis, uncertainty of future demand was taken
into account. This anticipation was obtained by analyzing historical data and trends,
and generating scenarios representing their future possibilities. The results show that
including future demand uncertainty into the operational planning offers smarter and
more efficient fleet arrangement. Such plans provide a flexibility to tackle future
demand fluctuations. There is however a trade-off between how many scenarios are
generated and how much time is allowed for planning computations. It is desirable to
generate as many scenarios as possible, but the computational limits might not allow
finding good plans.
At the end of this thesis, Chapter 7 provides a summary of the findings, conclusions,
practical insights, as well as the limitations of this thesis and future research
suggestions. One of the limitations of this thesis is that the products are assumed
homogeneous, while in practice, perishable industries might share and combine their
logistics to benefit from economy of scale. In such a setting, each product has
its own quality preservation requirement, and its preservation regime might not be
compatible with others. Moreover, the objectives of the cooperating industries might
not be congruent. Hence, extra constraints and multiple objectives are needed for the
combined long-haul transportation planning. This problem becomes more complex,
and therefore, it might need different tactical and operational planning algorithms.
Another future research suggestion is in the area of multi-size RTI management. This
problem is relatively new to the literature of multimodal transportation planning,
and the loading and nesting relations among different sizes of RTIs make it extremely
challenging to model and to design efficient planning algorithms.
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