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German abstract

Die vorliegende kumulative Dissertation besteht aus vier wissenschaftlichen Artikeln,
von denen drei bereits in wissenschaftlichen Zeitschriften vertffentlicht wurden und einer
sich in dem Begutachtungsprozess fiir Verdffentlichung in einer weiteren internationalen
Fachzeitschrift befindet. Alle vier Artikel beschéftigen sich mit den kombinatorischen
Optimierungsproblemen, die durch Integration der Personalfaktoren in verschiedenen
operativen Planungsproblemen im Bereich der Umschlaglogistik entstehen. Insbesondere
sind alle betrachteten Planungsprobleme mit Ent- und Beladeprozessen der Lastkraft-
wagen (LKWs) an riesigen Umschlagterminals verbunden, die wichtige Knotenpunkte
fiir viele moderne Distributionsnetzwerke darstellen. Typischerweise werden an solchen
riesigen Umschlagterminals téglich hunderte LKWs koordiniert, indem die Giiter von
ankommenden LKWs entladen, umsortiert, moglicherweise zwischengelagert und in aus-
gehende LKWs geladen werden. Dabei verfiigt ein Terminalgeb&ude i. d. R. {iber mehrere
Ladetore, an denen LKWs angedockt werden, wihrend die Waren aus einem Anhinger
eines einkommenden LKWs entladen bzw. in einen Anhénger eines ausgehenden LKWs
geladen werden. Beispiele fiir solche Umschlagterminals sind grofe Distributionszentren
oder sogenannte Cross-Docks (z. B. in der Lebensmittel- oder Automobilindustrie), Hub-
Terminals in der Postindustrie usw. Eines der am intensivsten untersuchten Probleme
bei der Betriebsplanung solcher Umschlagterminals bezeichnet man als Truck Scheduling

Problem, welches die LKWs den Toren und jeweiligen Abfertigungszeitfenstern zuweist.

Obwohl die Ent- und Beladevorginge an den Laderampen i. d. R. eine Beteiligung
menschlicher Arbeitskréifte voraussetzen, hat die Beriicksichtigung der Personalplanungs-
aspekte in den Truck Scheduling Problemen bisher nur geringe Aufmerksamkeit in der
wissenschaftlichen Literatur gefunden. Der Schwerpunkt dieser Dissertation liegt auf der
Integration der Personalaspekte in Truck Scheduling Probleme. Die in unterschiedlichen
Artikeln vorgestellten Optimierungsprobleme unterscheiden sich in rdumlichen Aspek-
ten, d. h. in den Ortlichkeiten im Umschlagterminal, in denen die jeweiligen Aktivititen

stattfinden. Sie umfassen Aktivititen an den Laderampen sowohl im Wareneingang als



auch im Warenausgang sowie Vorginge innerhalb des Hofs des Terminals (d. h. aufer-
halb des Terminalgebéudes). Dariiber hinaus unterscheiden sich die vier Aufsitze auch

im Hinblick auf die Methoden, die zur Losung der Planungsprobleme eingesetzt werden.

Das in dem ersten Artikel betrachtete Planungsproblem beschéftigt sich mit dem Truck
Scheduling Problem im Wareneingang. Insbesondere wird ein neuartiges integriertes
Personal- und LKW-Planungsproblem untersucht, in dem ankommende LKWs mit be-
schrinkten Zeitfenstern (definiert durch fixe Ankunfts- und Abfahrtszeiten) an Terminal-
toren von einer variierenden Anzahl an Logistikmitarbeitern entladen werden kénnen.
Dabei hingt die Dauer eines Entladevorgangs nicht nur von der spezifischen LKW-
Ladung ab, sondern auch von der Anzahl der Mitarbeiter, die die Waren aus dem LKW-
Anhénger gemeinsam entladen. Der Grofiteil bestehender Ansitze in der Literatur igno-
riert Personalplanungsaspekte in dem Truck Scheduling Problem; es wird von festen
Abfertigungszeiten fiir jeden LKW ausgegangen und somit angenommen, dass jeder La-
derampe eine feste Anzahl an Mitarbeitern im Voraus zugewiesen wird. Es besteht jedoch
ein zusitzlicher Freiheitsgrad darin, je nach Dringlichkeit dem jeweiligen Ladevorgang ei-
ne variierende Anzahl der Mitarbeiter zuzuordnen. Eine hohere Anzahl von Mitarbeitern
beschleunigt die Abfertigung des Vorganges, sodass es sinnvoll ist, Personal-Zuordnung
und Truck Scheduling Problem ganzheitlich zu 16sen. Das sich daraus ergebende ganz-
heitliche Planungsproblem wird fiir zwei représentative Anwendungsfille des Truck Sche-
duling Problems untersucht: fiir ein konventionelles Distributionszentrum und fiir eine
Cross-Dock Umgebung, die sich voneinander in ihren Zielsetzungen unterscheiden. Bei
Distributionszentren ist die Zielsetzung des betrachteten Optimierungsproblems, die ge-
samte Flow-Time (d. h. die gesamte Zeit, die ein LKW am Terminal verbringt, inklusive
der Wartezeit vor dem tatsichlichen Entladevorgang) zu minimieren. Im Kontrast dazu
versucht das Optimierungsproblem in der Cross-Docking Umgebung, die ankommenden
LKWs an den Entladetoren so zu planen, dass die entladene Ware in entsprechende

ausgehende LKWs moglichst termingerecht umgeladen wird.

Nach der formellen Darstellung der entstandenen Planungsprobleme wird fiir jede Pro-
blemvariante ein gemischt-ganzzahliges lineares Optimierungsmodell entwickelt. Dariiber
hinaus werden die Optimierungsprobleme als sogenanntes Intervall Scheduling Problem
umformuliert und darauf basierend unterschiedliche heuristische Lésungsverfahren ent-
worfen, die sich in der Erzeugung der Intervalle in der Modellaufbereitungsphase unter-
scheiden. In einer rechnergestiitzten Studie wird die Rechenleistung der vorgeschlagenen
Lésungsansitze auf zufillig generierten Probleminstanzen getestet. Dabei erweist sich ei-

nes der Verfahren zur Intervallerzeugung als sehr erfolgreich, welches Probleminstanzen
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mit realistischen Grokenordnungen in angemessener Zeit erfolgreich 16st. Des Weiteren
wird der neuartige kombinierte Ansatz der Personal- und LKW-Planung mit bestehen-
den sukzessiven Anséitzen verglichen, in denen die Personal-Zuordnung und das Truck
Scheduling nacheinander separat gelost werden. Die Ergebnisse zeigen, dass im Vergleich
zum sukzessiven Ansatz der kombinierte Personalplanungsansatz die Leistung des Truck

Scheduling Problems fiir beide reprisentativen Anwendungsfille erheblich verbessert.

Der Fokus des zweiten Artikels liegt auf den Aktivitdten im Warenausgang und beschif-
tigt sich mit der Beladung und Ablaufplanung ausgehender LKWs. Insbesondere befasst
sich das in dem zweiten Aufsatz vorgestellte Planungsproblem mit folgenden Entschei-
dungen: Zum einen miissen die Sendungen mit variierender Gréfe in die ausgehenden
LKWs so verladen werden, dass die begrenzte Kapazitit der jeweiligen LKW-Anhénger
nicht tiberschritten wird (LKW-Verladeproblem); zum anderen sind die einzelnen LKWs
mit gewissen Ankunft- und Abfahrtzeiten zu den Ladetoren so zu planen, dass begrenz-
te Terminalressourcen fiir Ladevorginge (Ladetore und menschlichen Arbeitskrifte) in
Betracht gezogen werden (Truck Scheduling Problem). Ein solches Planungsproblem ent-
steht typischerweise im Tagesgeschéft der Versandlager in der Produktionsindustrie (z.
B. in der Automobilindustrie), da von solchen Versandlagern jeden Tag mehrere Last-
wagen in Richtung desselben Zielortes abfahren. Deshalb muss neben dem eigentlichen
Truck Scheduling Problem eine Entscheidung dariiber getroffen werden, welche Lade-
einheiten in welche LKWs geladen werden. In diesem Umfeld besteht der Hauptzweck
solcher Versandlager darin, eine Just-in-Time oder manchmal sogar Just-in-Sequence
Lieferung der fertigen Montageteile an die Produktionslinie zu erméglichen. Daher ist
die Zielsetzung des vorgeschlagenen Optimierungsproblems, die bestellten Ladeeinheiten

moglichst spit, aber nicht spiter als zur angeforderten Zeit zu versenden.

Das entstandene Planungsproblem wird als mathematisches Optimierungsproblem for-
malisiert, fiir welches zwei verschiedene gemischt-ganzzahlige lineare Optimierungsmo-
delle entworfen werden. Des Weiteren wird das Optimierungsproblem als bekanntes ge-
neralisiertes Set Covering Problem umformuliert, welches als Grundlage der Spaltenge-
nerierung fiir einen entworfenen exakten Branch-and-Price Algorithmus dient. In einer
Reihe von numerischen Tests wird die algorithmische Leistung der vorgeschlagenen Lo-
sungsverfahren mit neu generierten Probleminstanzen getestet und miteinander vergli-
chen. Dabei zeigt der neuartige exakte Branch-and-Price Algorithmus eine hervorragende
Leistung und ist den beiden gemischt-ganzzahligen linearen Optimierungsmodellen un-
ter Verwendung eines kommerziellen Standardsolvers iiberlegen, da er in der Lage ist,

den Grofteil der betrachteten Probleminstanzen in kurzer Zeit exakt zu losen. Dartliber
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hinaus werden einige betriebswirtschaftliche Erkenntnisse untersucht, etwa der Einfluss
von Zeitfenstermanagement und Personalbestand auf die Piinktlichkeit der Lieferungen,
welche als Grundlage fiir die mittelfristige Planung eines geeigneten Zeitfenstermanage-

ments und Personalbestands genutzt werden kénnen.

Der dritte Artikel beschéftigt sich mit Aktivitdten auf dem Hof eines Trailer-Terminals,
d. h. auflerhalb des Terminalgebdudes. Auf viele grofe Umschlagterminals werden die
LKW-Sattelanhidnger innerhalb des Hofs von speziellen Terminaltraktoren transportiert
(in der englischsprachigen Literatur ist so ein Terminaltraktor oft unter dem Namen
Spotter bekannt). Dadurch entsteht ein neues Planungsproblem, ndmlich die Bewegung
der LKW-Anhéinger innerhalb des Hofs unter mehreren Spottern effizient zu koordinie-
ren. Im dritten Artikel wird ein neuartiges Planungsproblem von Spottern betrachtet,
welches in der Planungshierarchie nach der Festlegung der Ablaufpléne einzelner LKWs
an den Toren (Truck Scheduling) gelost werden muss. Eine Reihe von gegebenen Trans-
portauftrigen ist zu einzelnen Spottern so zuzuordnen, dass gegebene LKW-Pléne zeit-
lich realisiert werden kénnen. Dabei ist die Zielsetzung des betrachteten Optimierungs-
problems, einen moglichst robusten Ablaufplan von Spottern zu finden, der die zeitliche
Realisierung der geplanten LKW-Ladungen an den Toren auch dann erméglicht, wenn
unerwartete Verspatungen im urspriinglichen LKW-Plan entstehen. Dafiir wird zwischen
jedem Paar aufeinanderfolgender Transportauftrige eine Pufferzeit eingesetzt, welche
moglichst grof zu halten ist, um das System vor einer Ausbreitung kleiner Verspitungen
zu schiitzen. Es werden zwei Problemvarianten von robuster Spotter-Planung betrach-
tet, die sich in ihrer Zielsetzung unterscheiden. Die erste Problemvariante zielt darauf,
die gewichtete Summe aller Pufferzeiten zu maximieren, wohingegen die Zielsetzung der

zweiten Problemvariante die Maximierung der minimalen gewichteten Pufferzeit ist.

Fiir jede der beiden Problemvarianten wird ein exakter Algorithmus entworfen, welcher
das entsprechende Optimierungsproblem in polynomieller Zeit optimal 16sen kann. In
einer Reihe an Rechenstudien erbringen beide Losungsansitze eine sehr gute algorithmi-
sche Leistung, sodass Instanzen mit tausenden von Transportauftrigen und hunderten
von Spottern in wenigen Minuten optimal gelost werden. Dariiber hinaus wird die Ro-
bustheit der vorgeschlagenen Ansétze in einer Simulationsstudie evaluiert, in der gewisse
Verspatungen der LKW-Ankiinfte sowie Verzégerungen von deren Ladevorgingen an den
Ladetoren simuliert werden, um zu untersuchen, ob die gefundenen Ldsungen tatséch-
lich robust gegeniiber solchen Verspdtungen sind. Die Ergebnisse der Simulationsstudie
zeigen, dass die Anwendung eines geeigneten Robustheitsmafies die Ausbreitung unvor-

hergesehener Verzdgerungen erheblich reduzieren kann. Des Weiteren wird der Einfluss
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der Spotter-Flottengrofe auf die Leistung des Hofs untersucht. Die Ergebnisse kénnen
als Grundlage fiir ein mittelfristiges Planungsproblem genutzt werden, in dem ein gewis-
ses Serviceniveau zu erreichen ist und dafiir nach einer optimalen Anzahl an Spottern

gesucht wird.

Im Unterschied zu den drei vorherigen Artikeln, die jeweils konkrete Anwendungsproble-
me in Betracht ziehen, liegt der Schwerpunkt des vierten Artikels eher in der Algorith-
mik. So ist der Hauptbeitrag des vierten Artikels der Entwurf eines neuartigen exakten
Algorithmus, welcher auf dem sogenannten Ansatz der kombinatorischen (oder logic-
based) Benders Dekomposition basiert und zur optimalen Losung einer allgemeineren
Klasse der Maschinenplanungsprobleme angewendet werden kann. Insbesondere besteht
das grundlegende Optimierungsproblem darin, eine Reihe von Auftrigen (Jobs) mit be-
schriankten Zeitfenstern auf eine Menge nicht zusammenhéngender paralleler Maschinen
zu planen und dabei eine gewisse Minimax-Zielfunktion zu minimieren. Solche Arten von
Maschinenplanungsproblemen haben eine breite Anwendung fiir verschiedene Planungs-
probleme in der Produktion und Logistik, unter anderem auch fiir Truck Scheduling
Probleme. In diesem Zusammenhang ist ein LKW (mit Ankunfts- und Abfahrtszeit) ei-
nem Job (mit Fertigstellungs- und Filligkeitszeit) gleichzusetzen und ein Ladetor einer
Maschine, welche zu jedem Zeitpunkt héchstens einen Job verarbeiten kann. Neben dem
exakten Benders Dekomposition Algorithmus wird auch ein heuristisches Losungsverfah-
ren entworfen, welches auf der Umformulierung des Optimierungsproblems als bekanntes
generalisiertes Set Partitioning Problem basiert. Beide entwickelten Algorithmen werden
fiir drei unterschiedliche Minimax-Zielfunktionen entworfen, ndmlich fiir die Minimierung
der Fertigstellungszeit des letzten Jobs (d. h. makespan), der gréften gewichteten Abfer-
tigungszeit (d. h. maximal weighted flow time) und der grofiten gewichteten Verspétung
(d. h. maximal weighted lateness). Dariiber hinaus werden sie fiir eine Reihe von pro-
blemrelevanten Erweiterungen angepasst. Die algorithmische Leistung der neuartigen
exakten und heuristischen Losungsanséitze wird in einer umfangreichen rechnerischen
Studie sowohl auf neu generierten Probleminstanzen als auch in der Literatur existie-
renden Datensitzen getestet. Der Benders-Dekomposition- Ansatz schneidet ziemlich gut
ab, da er die meisten Probleminstanzen innerhalb kurzer Rechenzeit optimal 16st. Auch
die Heuristik leistet eine gute Arbeit, insbesondere wihrend der Losung der schwierigen

Instanzen mit engen Zeitfenstern der Jobs.



Abstract

The cumulative dissertation at hand consists of four research papers, three of which have
already been published in scientific journals. The fourth is under review to be published
in another international journal. All four articles deal with the combinatorial optimiza-
tion problems that arise through integrating personnel scheduling factors into operative
planning at cargo handling facilities. More precisely, the considered planning problems
are related to trucks’ unloading and loading processes at massive transshipment termi-
nals, crucial nodes for many modern transportation networks. Examples for such large
trailer terminals can be distribution centers or cross-docks (e.g., in the food or automo-
tive industry), hub terminals in the postal sector, etc. At such cargo facilities, hundreds
of trucks are coordinated daily. In particular, goods are unloaded from incoming trucks,
possibly stored for a while, consolidated, and loaded into outgoing trucks. Typically, a
terminal building of such cargo facility consists of several gates (or dock doors), where
trucks are docked while goods are unloaded or loaded into the trailer. One crucial plan-
ning problem at such facilities is to schedule trucks’ loading and unloading processes
at the terminal gates. The planning problem that determines on at which door and in

which time interval each truck has to be (un-)loaded is called truck scheduling problem.

Although trailers’ (un-)loading activities at the gates usually require worker’s involve-
ment, the integration of personnel planning aspects into truck scheduling problems has
only received little attention in the scientific literature. The focus of this thesis is to
integrate workforce planning into truck scheduling problems. The planning problems
proposed in the presented articles differ in spatial aspects where the respective oper-
ations take place. They include activities at the gates in both the receiving and the
shipping areas of the facility as well as activities within the terminal yard, i.e., outside
the terminal building. Furthermore, as discussed below, these four papers apply different

methodologies to solve the corresponding optimization problems.

The first paper focuses on inbound operations, i.e., in the receiving area of the cargo

facility. We introduce a novel integrated workforce and truck scheduling problem, where
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incoming trucks with strict arrival and departure times are unloaded at the dock doors by
a varying number of terminal employees. The duration of the trailer’s unloading depends
not only on the specific truckload but also on the number of workers jointly unloading it.
It is worth mentioning that most existing models widely ignore the latter phenomenon by
assuming constant handling times for each truck. That represents the case where a fixed
number of employees are preassigned to each dock door in advance. In practice, however,
terminal managers have additional flexibility in assigning a diverse number of employees
to each truck, depending on the degree of its actual urgency. Since a higher number of
employees speeds up the handling time, it is reasonable to solve the personnel assignment
and truck scheduling problem holistically. We examine the integrated planning approach
for two representative truck scheduling settings: a conventional distribution center and
a cross-docking terminal. The resulting two optimization problems differ from each
other in their objectives. The former’s objective is to minimize the total flow-time (i.e.,
the total time a truck spends at the terminal, including the waiting time before the
actual unloading process). In the cross-docking environment, the goods are directly
moved towards the corresponding outbound trucks without any (extended) intermediate
storage in the terminal. Hence, the latter problem aims to schedule the incoming trucks
at the inbound gates in such a way that the unloaded goods can be transferred to the
corresponding outbound trucks on time. More precisely, the truck scheduling problem in
the cross-docking setting minimizes the number of delayed shipments that cannot reach

the dedicated outbound trucks before the scheduled departure time.

After formalizing the planning problems as mathematical optimization problems, we
develop a mixed-integer linear optimization programming model for each setting. More-
over, we provide an alternative problem reformulation as the interval scheduling prob-
lem. Based on this, we design various heuristic solution procedures, which are different
in terms of the interval generation process in the model preparation phase. We test
the algorithmic performance of the proposed solution approaches using newly generated
problem instances. Thereby, one of the proposed strategies proves to be very successful,
obtaining (near-to-)optimal solutions in a reasonable computational time for the prob-
lem instances of realistic size. Furthermore, we compare the novel integrated truck and
workforce scheduling approach with existing successive methods that solve the person-
nel assignment and the truck scheduling problem sequentially. The results show that
compared to the existing approaches, the novel integrated planning approach can signif-

icantly improve the terminal’s performance for both representative settings.

The second article focuses on operations in the shipping area and deals with the loading
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and scheduling of outbound trucks. More precisely, the planning problem deals with the
following decisions: assigning shipments with varying sizes to outgoing trucks considering
the trailers’ limited loading capacity, and scheduling the trucks’ loading processes at the
gates considering the given time windows and limited terminal workforce—required to
load the shipments into trucks. Such a planning problem arises at cargo facilities where
the goods are consolidated on the outbound side. An important example of such facilities
is dispatch warehouses of part suppliers (e.g., in the automotive industry), from which
multiple trucks depart towards the same destination each day. Such dispatch warehouses
are primarily implemented to deliver readily usable parts to the assembly plant in a
just-in-time or sometimes even just-in-sequence manner. Therefore, the objective of the
proposed optimization problem is to ship the ordered parts as late as possible, but not

later than their deadlines at the assembly line.

We formalize the resulting planning problem as a mathematical optimization problem
and design two different mixed-integer linear programming models. Furthermore, we
reformulate the optimization problem as the well-known generalized set covering prob-
lem, which we use as the basis for the column generation method, and design an exact
branch-and-price algorithm. In series of numerical tests, we observe the computational
performance of the proposed three solution approaches (i.e., two MILP models using the
standard solver, and the exact branch-and-price algorithm) on newly generated large
problem instances. Our results show that the branch-and-price algorithm outperforms
both MILP models, obtaining optimal solutions for most of the considered problem in-
stances in a short computational time. Moreover, we explore some managerial insights,
such as the influence of the time window management and workforce amount on delivery
punctuality. Our findings can be useful for terminal managers when designing a suitable
time window management system or seeking the proper workforce amount at the tactical

planning level.

The third article covers the activities within the trailer yard, i.e., outside the terminal
building. Many large trailer terminals use specialized yard tractors (often called spotters
or switchers) to transport semitrailers within the yard. This way, a new planning problem
arises, associated with coordinating the intra-yard trailer movement among multiple
spotters. In the third paper, we introduce a novel spotter scheduling problem that has
to be solved in the planning hierarchy after defining the particular gate and the docking
time for each trailer (i.e., after solving the truck scheduling problem). Our robust spotter
scheduling problem assigns a set of given trailer movements to spotters such that the

predefined truck schedules can be realized on time—even if unexpected delays occur in
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the trailer yard. We insert a buffer time between any pair of consecutive transportation
requests and aim to keep it as large as possible to protect the system from propagating
small delays. We propose two problem variants of the robust spotter scheduling problem,
which differ in their objectives. The first problem version maximizes the weighted sum
of buffer times (max-sum), and the second one the minimum weighted buffer time (max-

min).

For each problem variant, we develop an exact algorithm that finds the optimal solution
in polynomial time for the related optimization problem. Our approaches show an
outstanding algorithmic performance in computational tests, optimally solving instances
with thousands of transport requests and hundreds of spotters in short computational
time. Besides, we evaluate the robustness of the proposed approaches in a simulation
study. Specifically, we simulate some uncertain events at the terminal, such as delays
in truck arrivals and handling processes at the loading gates, and examine whether
the solutions found by the proposed approaches are indeed robust. The results show
that applying a suitable robustness measure (i.e., max-min) can significantly reduce the
propagation of unforeseen delays. Finally, we also observe the interrelation between the
two objectives and explore the impact of the spotter fleet size on the yard performance.
The latter study’s findings can be a useful insight for mid-term planning when seeking

an appropriate number of spotters to achieve the desired service level.

In contrast to the three previous papers, each dealing with the specific application prob-
lems, the fourth paper primarily focuses on algorithmics. Its main contribution is a
novel exact algorithm, based on the combinatorial (or logic-based) Benders decomposi-
tion scheme, that can be applied to optimally solve a broader class of scheduling prob-
lems. In particular, the fundamental optimization problem is to schedule a set of jobs
with release dates and deadlines on a set of unrelated parallel machines minimizing some
min-max objective. Such types of machine scheduling problems have a wide range of
applications for various scheduling problems in production and logistics, including truck
scheduling problems. In the truck scheduling context, a job (with the release date and
the deadline) corresponds to a truck (with the arrival and the departure time), and a
machine to a gate that can process at most one job at a time. Apart from the ex-
act Benders decomposition algorithm, we propose a heuristic algorithm that relies on a
reformulation of the optimization problem as the well-known generalized set partition-
ing problem. We design the algorithms for three different minimax objective functions:
minimizing the completion time of the last job (i.e., makespan), the maximum weighted

flow time, and the maximum weighted lateness. Besides, we reveal how to modify the
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proposed algorithms for several problem-relevant extensions. We test the computational
performance of the provided solution techniques in an extensive computational study
on both newly generated random problem instances and existing instance sets avail-
able in the literature. The novel exact Benders decomposition approach performs quite
well, solving most problem instances to proven optimality within short computational
time. The proposed heuristic also does a good job, successfully providing near-optimal
solutions in a reasonable time for particularly tricky problem instances with tight time

windows.
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Chapter A.

Introduction and Overview

A.1. Introduction

Apart from the tremendous increase in freight transport in many regions of the world
during the past decades (e.g., in the western countries, see Blanquart and Burmeister,
2009), the road transport remains the most widespread transportation mode among the
three inland transport modes—road, rail, and inland waterways. According to Eurostat
(2020), the road transport performance (measured in tonne-kilometres) accounted for
75.3% of the total EU inland freight transport in 2018. The same proportion in Germany
is reported to be 71.4% in 2019, which is expected to increase further by 2023 (Statista,
2020).

The above-mentioned growth of the road traffic has led to congestion not only at the
transport network links (i.e., roads), but also at its nodes (i.e., cargo facilities), where
freight is unloaded from incoming and loaded into outgoing trucks. Examples of such
cargo handling facilities may be a source and a sink node of the distribution network
(e.g., massive manufacturing plants in the automotive industry, see Battini et al., 2013),

or intermediate nodes, which we discuss below in more detail.

Such intermediate nodes differ in their types and purposes in the transportation net-
work. While goods are temporarily stored for some time at conventional distribution
centers, the relatively modern cross-docking concept does not consider any (extended)
intermediate cargo storage in a terminal. Instead, after unloading the inbound trucks,
the shipments are directly moved towards the outbound trucks and loaded into their
trailers. This way, they leave the terminal promptly to the next destination in the dis-

tribution chain (Boysen and Fliedner, 2010). The absence of the storage buffer inside the
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cross-docking terminal enables a significant reduction in handling and inventory costs.
On the downside, cross-docking creates new decision problems related to the precise
synchronization of the inbound and outbound operations, which is a complex decision
task faced by many terminal managers (Buijs et al., 2014). The cross-docking is part
of many modern supply chain networks in diverse industries, such as the automotive
industry (Battini et al., 2013, Berghman and Leus, 2015), retail grocery (Buijs et al.,
2016), food, and fresh produce industry (Boysen, 2010, Zaerpour et al., 2015, Bodnar
et al., 2017) etc. For the state-of-the-art of cross-docking, addressing a wide range of
related decision problems, we refer to Van Belle et al. (2012). Besides, several other
surveys with various foci have been published on planning problems at cross-docks (e.g.,
Boysen and Fliedner, 2010, Stephan and Boysen, 2011a, Shuib and Fatthi, 2012, Buijs
et al., 2014, Ladier and Alpan, 2016).

Buijs et al. (2014) review synchronization problems in cross-docking networks and clas-
sify three typical network configurations with a single cross-dock, which define its type

and purpose in the distribution chain:

e A many-to-few configuration is common for the manufacturing industry (e.g., in
the automotive industry) and is dedicated to the consolidation of shipments from
multiple suppliers to one or a few customers. Hence, consolidation mainly takes
place on the outbound side. In this configuration, a cross-dock facility is often
allocated close to the receiver(s) (e.g., in the supplier park of a manufacturer, see
Wang and Chen, 2019)), enabling timely delivery of readily usable parts for the

final assembly at the manufacturing plant.

e A few-to-many configuration is usually encountered in retail distribution, where
large loads from a few distribution centers are split into smaller shipments for plenty
of retail stores. In this setting, cross-docking is often implemented in combination
with the more conventional warehousing strategy. Such a network mainly intends
to improve delivery service levels and reduce transportation costs (Buijs et al.,
2016).

e A many-to-many configuration can be observed at supply chains with a wide variety
of assortment and abundant suppliers and receivers, e.g., in the postal service
industry (e.g., Boysen et al., 2017, Fedtke and Boysen, 2017). At parcel distribution
centers, small shipments from multiple incoming trucks are consolidated in full
truckloads to be jointly transported with fully loaded outgoing trucks later on.

Hence, economies in transportation are gained at both the inbound and outbound



Chapter A. Introduction and Overview

sides.

Regardless of their type and purpose in the transportation network, most trailer trans-
shipment terminals have many common characteristics and share plenty of decision prob-
lems during their life cycle. In the following, we give a short overview of some in the

literature intensively discussed decision problems that arise at such terminals:

A critical strategic decision, which has to be made on a long-term planning horizon, is
to locate the facility in the transportation network, often referred to as location planning
(Van Belle et al., 2012). The construction costs play a vital role in the choice of the
facility’s location (Domschke et al., 2018). Therefore, large trailer terminals are often
located in rural areas, where the land price is not high. The reason for this is that such
trailer terminals typically need a lot of space. A facility typically consists of a spacious
terminal building with a storage area and multiple gates (or dock doors), where trailers
are docked during the (un-)loading operations, and a large parking lot, where trailers
are parked before or after the processing at the gates. For a general overview of the
location planning problems, we refer to Brandeau and Chiu (1989). More specific loca-
tion planning problems for intermediate network nodes, i.e., hub terminals, warehouses,
cross-docks, or other kinds of cargo facilities, are reviewed by Klose and Drexl (2005)
and Campbell and O’Kelly (2012).

Another essential class of strategic planning problems, consisting of several crucial de-
cisions, is layout planning. A critical layout planning problem for many cargo handling
facilities—especially for the cross-docking terminals—is related to the shape of the termi-
nal building. Bartholdi and Gue (2004) study this problem and analyze the performance
of different shaped cross-docking buildings (e.g., I, L, T, X-shaped), depending on the
number of the terminal dock doors. In an investigation into the layout planning problem
for rectangular unit-load cross-docks, Carlo and Bozer (2011) derived the optimal ra-
tio between the terminal’s length and width, minimizing the expected rectilinear travel
distance. Layout planning also covers intra-terminal layout decisions, such as designing
staging areas inside the terminal building (Vis and Roodbergen, 2011) and organizing

sortation conveyors at parcel distribution centers (Fedtke and Boysen, 2017).

An important decision in this regard is the arrangement of inbound and outbound areas
within the terminal building. At this point, it is necessary to distinguish between the
different service modes, classified by Boysen and Fliedner (2010), which defines the

degree of freedom in assigning inbound and outbound trucks to the gates:
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o Fzrclusive-mode considers that each gate is exclusively dedicated to either inbound
or outbound operations. The dock doors that serve the inbound trucks are also
called strip doors, and the ones exclusively reserved for the outbound trucks are
referred to as stack doors (Van Belle et al., 2012). For practical purposes, all strip
doors are usually located along one side of the terminal and all stack doors on the
other side. As a result, the terminal building has the spatially separated receiving
and shipping areas (Van Belle et al., 2012). Stephan and Boysen (2011b) denote
such a setting as “vis-a-vis policy” and compare it with a more flexible “mixed
policy”, where the strip and stack doors can be facultatively assigned all around

the cross-dock.

e Mized-mode considers that dock doors can serve both inbound and outbound op-
erations. Despite its flexibility, this mode is less popular in the industry practice
and scientific literature (Ladier and Alpan, 2016). However, recently the mixed-
mode has been gaining attention in academia (e.g., Bodnar et al., 2017, Rijal et al.,
2019).

o Combination-mode occurs when one subset of gates operates in exclusive-mode

and the other in mixed-mode.

One of the most significant challenges in the daily operations at large trailer terminals
is allocating trucks to the gates, where they are loaded or unloaded. In this regard, two
main research branches emerge from the studies discussed so far: door assignment and
truck scheduling. The distinction between these two areas is often somewhat ambigu-
ous, and no standard notation has been used to classify different optimization problems
(Ladier and Alpan, 2016).

Door assignment is sometimes referred to as truck-to-dock assignment (Ladier and Al-
pan, 2016), dock door assignment (Shuib and Fatthi, 2012), cross-dock planning (Buijs
et al., 2014), or destination assignment, in case of considering only outbound trucks with
fixed destinations (Boysen and Fliedner, 2010). The door assignment decides on the ar-
rangement of trucks at the gates such that some performance measure is optimized. A
typical objective of the door assignment problem is to minimize the total travel distance
of the transferred goods inside the terminal building. The first door assignment problem
was proposed by Tsui and Chang (1990), who then designed an exact branch and bound
algorithm for this problem in the following study (Tsui and Chang, 1992). Since then,
there has been published a large number of studies (e.g., Bartholdi and Gue, 2000, Oh
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et al., 2006, Yu et al., 2008, Cohen and Keren, 2009) that deal with this issue (see Shuib

and Fatthi, 2012, for a review on door assignment problems in cross-docking).

Boysen and Fliedner (2010) draw our attention to distinctive categories of door assign-
ment problems, denoted as destination assignment problem, where the shipping doors
are exclusively dedicated to particular destinations. In this setting, the inbound and out-
bound operations are usually planned successively. The destination assignment problem
(i.e., outbound operations) is typically scheduled for a mid-term planning level (one to
several months). In contrast, the inbound operations are planned at the operational
planning level over a shorter planning horizon (typically one day or even one working
shift). Zenker and Boysen (2018) observe a destination assignment problem at parcel
distribution centers considering more destinations than the shipping doors. Hence, they

analyze the decision problem on which destinations should share the gates.

In their review, Van Belle et al. (2012) differentiate door assignment and truck scheduling
problems with the following criteria: door assignment considers that the number of
trucks is equal to the number of doors. Hence, each door receives one truck and vice
versa, so that the time horizon is not taken into account. If there are more trucks than
the gates, time aspects have to be considered, and the corresponding problem becomes
truck scheduling. In other words, in contrast to the door assignment problem, the truck
scheduling problem takes time dimensions into account. Therefore, a truck scheduling
problem is usually more complex than a door assignment problem. Truck scheduling
decides on where (i.e., at which door) and when (i.e., in which time interval) to process
each truck. The common objective of the truck scheduling problem is related to the
timely processing of all trucks. The first truck scheduling problem was proposed for a
parcel hub terminal by McWilliams et al. (2005). Since then, a considerable amount of
literature has been published on truck scheduling problems (see Boysen and Fliedner,

2010, for an exhaustive review of truck scheduling problems at cross-docks).

Ladier and Alpan (2016) categorize other problem classes related to the allocation of
trucks at the doors, which can be classified somewhere between the door assignment
and the truck scheduling problems. Specifically, they explicitly distinguish the truck-
to-door sequencing problem, which determines the sequence of trucks processed at each
door without taking any time aspects into account. Moreover, the authors distinguish
truck sequencing problems, which do not take space dimensions between the doors into

account and only determine the order in which the trucks arrive at the gates.

Despite the intensive study in this field, very little attention has been paid to the role
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of workforce scheduling into truck scheduling and related problems. Terminal employees
play a crucial role in trucks’ loading and unloading activities from both sides of the
gate. Inside the terminal building, workers execute several manual tasks when loading
and unloading trailers at the gate. Outside the terminal building, the intra-yard trailer
transportation is also often conducted by terminal employees. This thesis focuses on
integrating workforce-related aspects into daily operations at trailer terminals. More
precisely, we introduce some novel scheduling problems associated with the trucks’ load-
ing and unloading operations, considering personnel scheduling aspects. The proposed
scheduling problems cover inbound and outbound operations inside the terminal building
as well as activities within the yard. After introducing the new planning problems, we
formalize them as mathematical optimization problems and design appropriate solution
methods.

The rest of the thesis is organized as follows: in this chapter, we first describe the relevant
daily operations at typical large trailer terminals (Section A.2). We then give a brief
overview of the proposed novel planning problems and the applied solution techniques
(Section A.3). Later, the following Chapters B, C, D and E discuss each planning

problem one by one in more detail. Finally, Chapter F concludes the thesis.

A.2. Daily operations at trailer terminals

This section describes typical daily operations at trailer terminals associated with the
trailer loading and unloading transactions. Note that due to the organizational and
technical diversities of different cargo facilities, the particular process steps vary from
terminal to terminal. In the following, we discuss a typical process flow, which covers

the essential operations at most trailer terminals.

On the inbound side, fully or partially loaded incoming trucks arrive at the terminal,
delivering freight directly from a supplier or another intermediate node (e.g., other depot
or hub terminal, freight airport, seaport, freight yard, etc.). Typically, the terminal
management is aware of the trucks’ arrival time by the beginning of the workday, since
the trucks’ processing time windows are usually booked beforehand (Karaenke et al.,
2019). Besides, the trucks’ locations can be continuously tracked via a GPS navigation
system. When a truck arrives at the terminal, its arrival is registered at the entry gate,
e.g., by a yard operator, who assigns the trailer to a particular parking space in the yard.

Then, depending on whether the intra-yard trailer transportation is executed by local
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shunters or delivery road truckers, there can be two alternative process flows:

e If road truck drivers are responsible for the intra-yard trailer transportation, the
trucker first parks the trailer at the assigned parking position. The trailer stays
there until it is called up by a yard dispatcher, informing the gate number and the
processing time window, e.g., via pager handed over at the terminal entry during
registration (Berghman and Leus, 2015). After that, the trucker transports the
trailer to the dedicated gate and docks it, precisely backward-maneuvering until
the trailer reaches the gate’s loading platform. In this scenario, the trucker stays at
the terminal, waiting until the unloading completes. Once the trailer’s processing

is completed, the trucker can depart to the next destination in the logistics chain.

e If the terminal uses the specialized terminal tractors (also called spotters or switch-
ers, see Yano et al., 1998, Berghman and Leus, 2015) for the intra-yard trailer
transportation, the delivery truck is uncoupled from the semitrailer at a particular
location in the yard, instructed by a yard operator, e.g., at the parking position.
The uncoupling step is registered in the yard information system by a yard op-
erator, who can monitor the parking lot via a video surveillance system. From
that moment, the detached semitrailer is available to be picked up by a spotter to
bring it to the appropriate terminal gate. The delivery trucker is released after the
uncoupling step and does not have to wait to complete the trailer’s further pro-
cessing (Yano et al., 1998). Thus, the road trucker may directly leave the terminal
or be coupled with an other (empty or full) trailer to transport it towards the next

destination in the distribution chain.

In both settings explained above, the docking step at the gate is followed by the trailer
unloading stage. In particular, the truckload is unloaded from the trailer and moved
inside the terminal building to a (temporary) storage area. Once the trailer is docked
at the gate, a terminal employee operating at that door prepares the trailer unloading
step. This step consists of manual activities, such as breaking the trailer seal, opening
the trailer door, removing the load restraining belt, etc. After that, the actual unloading
step starts, which may vary from facility to facility depending on the cargo type and
the applied material handling equipment. We can differentiate between the following

unloading modes:

e If the freight is palletized, terminal workers usually utilize a forklift truck or a

manual pallet jack. This way, they move entire pallets from the trailer to an
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intermediate storage area inside the building, e.g., a staging area directly next to
the dock door (Bartholdi and Gue, 2000).

e In parcel distribution centers, where the truckload consists of smaller loose goods,
a telescopic conveyor may be applied (Fedtke and Boysen, 2017). A logistics worker
pulls the telescopic conveyor directly in front (and later into) the trailer and puts
parcels individually onto the conveyor belt. The telescopic conveyor can be ex-
tended or retracted to the desired level. As a result, it enables workers to always
directly place each package onto the conveyor belt, without extra walking and

carrying the shipments inside the trailer (Boysen et al., 2017).

e In recent years, novel automatic cargo batch loading and unloading systems have
been developed. These are fully-automated platforms, installed at the dock, that
can elevate the complete truckload in a single effort. The application of such a
system can effectively reduce the trucks’ processing time at gates and prevents ac-
cidents during the (un-)loading transactions (Lee et al., 2014, Kang et al., 2017).
However, it is noteworthy that installing such platforms requires colossal invest-
ments and due to their infancy, they cannot be yet widely used for a broad range

of trailer and truckload types.

Once the goods have been unloaded from the trailer, a terminal employee accomplishes
subsequent follow-up manual tasks, such as closing the trailer door, putting a seal, etc.

After that, the trailer is ready to be undocked from the gate.

The unloaded goods are transshipped through the facility—to a temporal storage area or
directly at the staging area in front of the corresponding shipping door. Intra-terminal

transportation can again diversify depending on the terminal and cargo type.

e Palletized goods are usually transported manually. Logistics workers use manual
jacks to pull single or multiple pallets—coupled with a chain—through the terminal
(Bartholdi and Gue, 2000). At some terminals, instead of manual pallet jacks,

forklift trucks may be used for the same purposes.

e Smaller shipments are typically transported using an automated system, e.g., a
network of sortation conveyor belts (Van Belle et al., 2012). The individual loads
are verified via scanning their barcodes, and their target points in the terminal
are determined. This way, the automated conveyor can move the boxes to the

target destination. An extensive survey on operational planning problems using
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automated sortation conveyors is provided by Boysen et al. (2019).

e Note that a combination of both aforementioned transportation modes, i.e., manual

and automated, is also possible (Ladier and Alpan, 2016).

The operations on the outbound side are similar but executed in the reverse order. After
fetching the shipping goods to the outbound gate, the logistics workers load them into
empty (or in case of the milk run distribution—partially loaded, see Hosseini et al., 2014)
trailers. Note that the loading stage faces additional difficulties and requires more time
than the unloading process. The trailer loading post-processing step consists of manual
tasks, like restraining the load (e.g., using a tie-down lashing strap, see NTC, 2018),
closing the trailer door, putting the trailer seal, etc. Finally, the loaded semitrailer is
picked up either by a spotter driver, who retrieves it to the parking lot, or by a road

trucker, who can directly leave the terminal.

Some particular transactions may slightly differ from the above-explained flow at the
cargo facilities in real-world applications. The described procedure should primarily
serve as a generic representation of the trailer terminal’s process steps, which are essential

for the scheduling problems discussed in this thesis.

A.3. Overview of the novel planning problems

This section gives a short overview of the scheduling problems observed in the following
chapters and outlines their interrelation. All four chapters deal with novel scheduling
problems related to trucks’ loading or unloading at the terminal gates, considering work-
force involvement. The planning problems differ in terms of the considered area where
the respective activities take place. They include operations in the receiving and ship-
ping areas of the terminal as well as activities in the yard. We discuss these problems
one by one in more detail in the following chapters (Chapters B, C, D and E). Note that
each of these chapters is either already published in or submitted to a scientific journal

as an independent article (see Table A.1 for more information).

One of the greatest challenges many terminal managers face is coordinating the loading
and unloading activities of multiple trucks at dock doors while taking the limited terminal
resources into account. Almost every paper that has been written on truck scheduling

assumes that dock doors are the unique critical resources during trucks’ processing.
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The doors are indeed often the bottleneck resources of the terminal, especially at peak
hours. However, the unloading and loading operations of trucks require other labor-
intensive resources, namely, terminal employees. Truck’s processing at a dock door
consists of several manual tasks, which can be executed only by humans. Examples of
such manual actions include removing/putting a trailer seal, opening/closing a trailer,
putting/removing safety belt, (un-)installing telescope conveyor, (un-)packing shipments
in/from the trailer, driving industrial trucks and forklifts inside and outside the terminal
buildings, etc. Therefore, the truck scheduling problem is heavily interdependent with
the workforce scheduling problem, which is another complex issue (Boysen and Fliedner,
2010). Most of the existing works suppose that each truck has a fixed processing time
at every door, presuming that the same numbers of the terminal workers operate at
each gate. However, in practice, terminal managers can assign a varying number of
(un-)loaders to each truck. They can assign more workers to the truck’s unloading with

critical timing and, this way, shorten its processing.

So far, only a few works have paid attention to the role of workforce amount on the truck’s
handling time. In their work on the multi-mode resource-constrained cross-dock schedul-
ing problem, Hermel et al. (2016) consider that trucks’ processing at the gate depends
on the number of workers. Specifically, the authors allow two types of task processing:
“regular processing” and “crash processing”. The former refers to the circumstance when
a single worker executes the task. The latter reduces the task’s handling time when two
workers perform it. Indeed, assigning two instead of a single worker can decrease the
truck’s handling time. However, there may be additional flexibility to increase the num-
ber of workers even further. Similarly, Konur and Golias (2017) propose an outbound
truck scheduling problem, where they consider that the truck’s loading time depends on
the number of workers operating at the designated door. They allow assigning a varying
number of workers to each gate, who remain there during the entire planning horizon.
However, sometimes it may be meaningful to dynamically adapt the workforce amount
at the doors during the planning horizon—depending on the particular docked truck’s

priority.

In Chapter B, we propose a novel inbound truck scheduling problem where each truck’s
processing time depends on the number of logistics workers concurrently unloading the
goods from the trailer. Moreover, we consider that the workers may switch the doors
during the planning horizon. Additional workers can only accelerate the trailer’s un-
loading step—one of the five manual steps of the truck’s processing at the gate. Thus,

the resulting optimization problem decides on where (i.e., at which door), when (i.e.,
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in which time interval), and how fast (i.e., by how many workers) each truck should be
unloaded. The former two decisions surely belong to the truck scheduling problem, while
the latter is rather a workforce scheduling task. Thus, our novel optimization problem
combines the workforce scheduling problem and the truck scheduling problem into one
holistic problem. We examine the resulting integrated truck and workforce scheduling
problem (dubbed as ITWS) for two basic settings: for conventional distribution centers
and cross-docks. In distribution centers, the unloaded goods are stored in the terminal
for some time. The ITWS in the distribution center context aims to minimize the trucks’
total flow time. In the cross-docking environment, the goods are directly moved onto
outbound trucks without any intermediate storage in the terminal. Therefore, the goal
of the ITWS in the cross-docking context is to schedule trucks such that the shipments
from inbound trucks can reach the outbound trailers on time. Note that this setting is
suited for cross-docks with the exclusive-mode (i.e., where each door is exclusively re-
served either for inbound or outbound trucks), and the inbound and outbound operations
are executed separately. More precisely, the proposed model observes the exclusively in-
bound truck scheduling problem for the given outbound truck schedules, whereas the

destination assignment problem is assumed to be solved in the previous planning stage.

After formalizing both versions of ITWS problems as appropriate mathematical opti-
mization problems, we design a mixed-integer linear programming (MILP) model for
each problem variant. Furthermore, we reformulate them as a so-called interval schedul-
ing problem and, based on this, design some heuristic solution methods to solve the pro-
posed optimization problems in a reasonable time. We test the algorithmic performance
of the proposed approaches in an extensive computational experiment using newly gener-
ated ITWS problem instances. Moreover, we compare the proposed integrated planning
approach with the existing successive planning approaches. More precisely, in the first
stage, we assign a particular (constant or varying) workforce amount to each dock. Subse-
quently, we solve the truck scheduling problem for the fixed workforce assignment at each
door. We compare the integrated and successive planning approaches from two different
perspectives. On the one hand, we fix the available workforce amount and observe the
terminal performance improvements when the integrated instead of the successive plan-
ning approach is used. On the other hand, we explore the workforce saving potential of
the integrated planning approach when a certain service level must be achieved. Chapter
B has been published as Tadumadze, G., Boysen, N., Emde, S., Weidinger, F. (2019): In-
tegrated truck and workforce scheduling to accelerate the unloading of trucks. European
Journal of Operational Research 278 (1) 343-362. The definitive publisher authenticated

12
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version is available online at https://doi.org/10.1016/j.ejor.2019.04.024.

The truck scheduling problem presented in Chapter B is suited for the inbound oper-
ations, i.e., unloading cargo from incoming trucks. In contrast to the inbound trans-
actions, the activities at the outbound side may consist of additional issues that need
to be solved adequately. In particular, shipments must be assigned to outbound trucks
considering the trailer’s limited loading capacity. Such a decision is especially critical
for cargo handling facilities in the many-to-few configuration in the manufacturing in-
dustry, where the consolidation takes place on the outbound side (Buijs et al., 2014). In
the automotive industry, the original equipment manufacturers (OEMSs) often purchase
labor-intensive parts (e.g., seats and wiring harnesses, etc.) from far-distant suppliers,
promising low procurement prices (Schwerdfeger et al., 2018). The scarce storage space
at the OEM’s plant makes it often impossible to build large safety stocks. Seeing that the
assembly line should run smoothly, the required parts have to be shipped to the man-
ufacturing plant in a just-in-time or sometimes even just-in-sequence manner (Emde,
2011). Therefore, part suppliers often allocate dispatch warehouses in close vicinity
to the targeted manufacturing plants in a so-called just-in-time corridor (Schwerdfeger
et al., 2018). This way, readily usable components are stored at the dispatch warehouse
until the very last moment, i.e., as long as the final assembly sequence is definite. Once
the final production sequence is determined, the OEM orders the required components
with a strict delivery deadline. On the one hand, the shipments cannot arrive at the
manufacturing plant later than the deadline, seeing that the assembly line must never
run out of the necessary parts. On the other hand, due to the scarce storage space at
the OEM’s plant, the pieces should be dispatched from the intermediate warehouse as

late as possible.

In this regard, it is advisable to rule out the late delivery via hard constraints and
penalize the earliness in an objective function. This kind of optimization problem,
alming to minimize the shipments’ total earliness is studied by Boysen et al. (2016).
More precisely, their just-in-time vehicle scheduling problem consists of the two following
decisions: assigning a given set of items to the outbound trucks considering the trucks’
limited loading capacity, and planning the trucks’ departure times such that the early
arrival of orders is minimized. Although their model consists of a decision on each truck’s
departure time, it does not precisely solve the outbound truck scheduling problem at
the intermediate facility. Their model does not decide when each truck must be loaded
under consideration of the terminal’s limited resources and the trucks’ restricted time

windows.
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Chapter C introduces a novel outbound truck loading and scheduling problem (dubbed as
OTSLP), which combines the truck loading problem with the truck scheduling problem,
as mentioned above. More precisely, OTSLP solves the following decision problems

simultaneously:

e Truck loading problem assigns the orders with diverse sizes to the outbound trucks

with varying loading capacities,

o Truck scheduling problem schedules trucks’ processing within the given time win-
dows, taking the terminal’s limited resources (i.e., dock doors and terminal work-

force) into consideration.

Loading an order consists of tasks like fetching the parts from the storage, sorting,
packaging, labeling, and placing them inside the trailer. Depending on the order’s size, its
preparation may require a certain workforce amount, a limited resource at the terminal.
Moreover, each order is associated with a shipping deadline and a penalty cost per time
unit of earliness. The objective of OTSLP is to minimize the total weighted earliness of

the shipments.

After formalizing the OTSLP as a mathematical optimization problem, we develop two
alternative MILP model formulations. The first MILP model relies on the continuous-
time framework and the second one on the discrete-time framework. Moreover, we
reformulate the optimization problem as the well-known generalized set covering prob-
lem, which we use as the basis for a column generation scheme and develop an ex-
act branch-and-price algorithm. We investigate the computational performance of both
MILP models and the branch-and-price algorithm in appropriate numerical experiments.
Moreover, we explore some managerial aspects, such as the impact of trucks’ time win-
dow management and the workforce amount on delivery punctuality. Chapter B bases

on the working paper Tadumadze and Emde (2020).

Chapters B and C focus on the operations at the dock door inside the terminal building.
In contrast, Chapter D rather concentrates on the processes within the terminal yard.
As mentioned above, intra-yard trailer transshipment can be executed either directly by
road trucks or by spotters, driven by terminal employees. The latter setting leads to

new planning problem, namely, which trailer has to be shunted by which spotter.

There has been no detailed investigation of spotter’s involvement in the trailer yard’s

daily operations. To the best of the author’s knowledge, the only works dealing with
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spotters are proposed by Berghman et al. (2014) and Berghman and Leus (2015). They
investigate a truck scheduling problem and consider that terminal’s local shunters are
responsible for intra-yard trailer transportation. The related optimization problem is
modeled as a three-stage flow shop, where a semitrailer corresponds to a job that has to

be processed in the following three steps:

e at first, the parked semitrailer has to be transported from the parking lot to the
gate;

e then, it has to be loaded or unloaded at the dock door;
e finally, it has to be retrieved from the gate to the parking lot.

The first and the third stages are executed on a set of identical parallel machines, which
represent a fleet of spotters. The second stage is processed on a separate set of identical
parallel machines, representing the terminal gates. Berghman et al. (2014) formalize
the resulting problem and provide mixed-integer linear programming models that can
be solved using a commercial standard solver. Based on that work, Berghman and
Leus (2015) propose several meta-heuristics for a slightly altered model and test their
computational performance on larger problem instances, generated according to real-life

data collected at Toyota Parts Center Europe.

The interdependence between the truck scheduling problem and the spotter scheduling
problem is obvious, and it seems meaningful to solve them simultaneously. Nevertheless,
the resulting holistic problem is too complex, and solving realistic problem instances in a
reasonable time is technically challenging. Hence, some simplifying assumptions have to
be made on both sides, i.e., the truck scheduling and the spotter scheduling. Berghman
et al. (2014) and Berghman and Leus (2015), too, make several simplifying assumptions
on both sides of the integrated problem. On the truck scheduling side, they model the
gates as a set of identical parallel machines. By doing this, the authors assume that
all dock doors are equipped with an equal amount of resources, leading to fixed (un-
Jloading times of the trucks. Also, on the spotter scheduling side, the model implies
that the trailer transportation time lasts the same amount of time, neglecting the actual
position of the parked trailer and the assigned gate. In reality, the trailer’s transportation
time strongly depends on the distance between its parking position and the dedicated
dock door. Finally, the authors ignore spotter’s deadheading times between successive
transportation jobs. By doing that, the model assumes that spotters are always directly

available at the start point of each task independent from the endpoint of the previous
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transportation request.

To model the above-discussed points more precisely, keeping in mind that problem in-
stances of realistic size must be solvable in an adequate time, we suggest to divide this
holistic problem into two handier problems and solve them successively. This way, we
can solve the truck (and workforce) scheduling problem in the first stage, ignoring the
spotter scheduling part. Subsequently, we can solve the remaining spotter scheduling
problem with the given truck schedules. The former problem can be solved, e.g., as de-
scribed in Chapters B and C, while the latter’s solution methods, i.e., scheduling spotters

with the given dock door and docking time assignments, are proposed in Chapter D.

Chapter D deals with a robust spotter scheduling problem (dubbed as RSSP) that con-
siders the truck schedules as given, solved in the previous planning step. In this regard,
RSSP seeks such an assignment of transportation requests (or jobs) to the spotters,
which allows timely transportation of trailers within the yard. A job corresponds to
shunting a semitrailer from a parking space to a concrete dock door or vice versa. Each
transportation request has a fixed completion time, by which the trailer has to be moved.
Moreover, it has a determined processing time, which corresponds to the trailer’s trans-
portation time. Finally, we consider sequence-dependent setup times for each job pair,
representing the spotter’s deadheading time when executing these two jobs consecutively.
We can derive all transportation requests and the related parameters according to the

predefined truck schedules.

The goal of RSSP is to find robust spotter schedules, which allow the realization of the
given truck schedules even if some unforeseen delays occur in the yard. Such delays can
be caused by external factors, such as a traffic situation on the roads (leading to trucks’
late arrival), or internal factors, like congestions of the terminal’s material handling
process (causing prolonged handling times at the gates). We aim to protect the system
against the propagation of such small delays. For this, we insert buffer times between any
pair of consecutive jobs and intend to keep them as large as possible. Sufficiently large
buffer times can protect small delays from being propagated, so that each job can be
executed on time by a spotter, even if its previous task completes later than estimated.
We propose two variants of the RSSP, which differ in terms of the objective function.
Specifically, the first problem variant maximizes the total weighted buffer time, and the

second one the shortest weighted buffer time.

After formalizing the resulting optimization problems accordingly, we develop efficient

exact algorithms, obtaining optimal solutions in polynomial time. We test the algo-
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rithms’ computational performance in an extensive computational study using newly
generated large-scale problem instances. Moreover, we evaluate the robustness of the
obtained solutions in a simulation study. In particular, we simulate some external and
internal delays in the yard and explore how the found solutions can protect the system
against such uncertainties. Moreover, we investigate the effect of the spotter fleet size
on the yard’s performance. Chapter D has been published as Tadumadze, G., Boy-
sen, N., Emde, S. (2020): Robust spotter scheduling in trailer yards. OR Spectrum
42(4), 995-1021. The definitive publisher authenticated version is available online at
https://doi.org/10.1007/s00291-020-00599-5.

While Chapters B, E and D deal with scheduling problems with a concrete application,
the focus of Chapter E is primarily on the solution algorithms. Specifically, in Chapter
E, we propose novel exact and heuristic algorithms to solve a more general class of par-
allel machine scheduling problems with several practical model extensions and different
objectives. In particular, the baseline optimization problem is to schedule a set of jobs
with time windows (i.e., release dates and deadlines) on a set of unrelated parallel ma-
chines, minimizing some min-max objective. This kind of optimization problem covers

a broad class of truck scheduling (and other) problems.

In the truck scheduling context, we can equate a job with a truck, where the job’s release
date and deadline correspond to the truck’s arrival and departure time, respectively. A
machine corresponds to a dock door that can handle at most one job (i.e., truck) at a
time. Depending on how the specific door assignment influences the truck’s processing
time, the set of parallel machines become unrelated, related, or identical. To cover a
wide range of applications, we observe the most general setting with unrelated machines.
By doing this, we address the extensive case, where the truck’s processing time can vary
from gate to gate and may depend on a specific storage location of the truckload and the
specific resource amount at the dock door. Note that our general model also covers the
special cases with identical and related (or uniform) parallel machines. They correspond
to such kinds of truck scheduling problems where the trucks’ processing is identical at
every gate, or where it only depends on the varying amount of the assigned resources

(e.g., number of logistics workers) at the door.

Besides the truck scheduling application, the described optimization problem has further
practical applications. Another usage of the proposed problem is berth allocation at
maritime container terminals, where vessels (i.e., jobs) are moored at specific berths

(i.e., machines) alongside the quay wall. Also, in the most general setting of the berth
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allocation problem, it is meaningful to model berths as unrelated machines. Firstly, each
ship may have a so-called “optimal berthing point”, which may depend on the storage
location of its cargo in the container terminal. Secondly, the berths may differ in terms of
the resources (e.g., quay cranes). Hence, modeling berths as unrelated parallel machines
covers the most extensive setting, where each ship defines a berth-dependent processing

time.

We investigate three different min-max objectives, which are relevant for both truck

scheduling and berth allocation applications.

e For successive planning runs, it is highly desirable to clear the terminal quickly
(Boysen and Fliedner, 2010). Thus, our first objective is to complete the latest

job’s processing as soon as possible, i.e., we minimize the makespan.

e For a better truck (or vessel) utilization, it is advisable to serve each customer
(i.e., truck or ship) timely. Thus, it is rational to minimize their service times
(or flow times), defined as the time lap between the customer’s arrival and the
completion time. This way, the transportation device can depart promptly to the
next destination. Our second objective is to minimize the mazimum (weighted)

flow time, aiming to improve the worst-served customer’s service time.

e In practice, it is not always possible to find such schedules that ensure to serve
every customer before the given deadline. In such circumstances, a more reasonable
objective function may be such that allows violating some deadline restrictions but
penalizes those violations. In this context, our third objective is to minimize the

mazimum (weighted) lateness.

Machine scheduling problems have drawn enormous attention from scholars during the
last four decades. For a historical overview of the research in the scheduling theory in
general and its applications, we refer to Pinedo (2016). Surveys on the vast amount of
literature on parallel machine scheduling are provided by (e.g., Cheng and Sin, 1990,
Chen et al., 1998). Pfund et al. (2004) restrict the scope of their survey to the unrelated
parallel-machine scheduling problems with several performance measures, including the
makespan and the maximum tardiness, which are more related to the problem variants

investigated in Chapter E.

To solve the above-described optimization problem, we develop an exact method using

logic-based benders decomposition scheme, which we denote as “branch & Benders cut”
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(dubbed as B&BC). Apart from that, we design a heuristic using the problem’s refor-
mulation as a generalized set partitioning problem, which we dub as GSPP-heuristic.
This method bases on one of the heuristic interval selection techniques, which has shown
the most reliable performance in Chapter E. To evaluate the proposed algorithms’ com-
putational performance, we compare them with commercial standard solver using the
original MILP model formulations. The comparison is conducted on newly generated
random problem instances. Moreover, we explore the algorithmic performance of B&BC
and GSPP-heuristic on existing benchmark problem instance sets for both mentioned
applications. In the truck scheduling context, we use the problem instances gener-
ated in Chapter B. In the berth allocation context, we use existing benchmark sets
of problem instances, which are generated based on real-world traffic data at the Port
of Gioia Tauro (Cordeau et al., 2005). Chapter E has been published as Tadumadze,
G., Emde, S., Diefenbach, H. (2020): Exact and heuristic algorithms for scheduling
jobs with time windows on unrelated parallel machines. OR Spectrum 42(2), 461-
497. The definitive publisher authenticated version is available using the following DOI:
https://doi.org/10.1007/500291-020-00586-w.

The methodological approach taken in this thesis is a mixture of techniques from dis-
crete and combinatorial optimization. It is noteworthy that each optimization problem
discussed in Chapters B, C and E (i.e., apart from the RSSP from Chapter D) is NP-
hard. For each of these problems, we provide a MILP model that can be solved using a
commercial standard solver, e.g., IBM ILOG CPLEX Optimizer. However, due to their
high complexity, the problem instances of the real-world size cannot be efficiently solved
only using such standard model formulations. Therefore, there is a need to develop spe-
cialized solution methods that can find good (i.e., not necessarily optimal, but near to

optimal) solutions in an adequate time.

We reformulate each of these optimization problems as a well-known generalized set par-
titioning (or set covering) problem. This kind of integer linear programming (ILP) model
formulations benefit from some modeling advantages and the strong LP-relaxation. On
the downside, the related ILP models suffer from many variables (columns). Therefore,
in Chapters B and E, we propose new heuristic techniques, which enable us to decrease
the computational time at the expense of solution quality. Instead of including all vari-
ables (or columns) in the ILP model, we first heuristically preselect a subset of variables
in the model preprocessing phase. Subsequently, we solve the reduced problem with a
subset of preselected columns within a shorter computational time. In Chapter C, we

use the set covering model formulation as the foundation for an exact branch-and-price
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algorithm, where we iteratively add the variables (or columns) to the model.

Unlike the other optimization problems, both alternatives of RSSP, discussed in Chap-
ter D, are not NP-hard. Therefore, we do not develop appropriate MILP models for
them. Instead, we design an exact polynomial-time algorithm for each problem variant
to efficiently achieve optimal solutions in a short computational time. Moreover, we
use a discrete-event simulation technique to simulate some uncertainties and assess the

robustness of the proposed approaches.
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Chapter B.
Inbound truck scheduling*

Abstract: Truck scheduling coordinates the loading and unloading processes of trucks
competing for the timely processing at some terminal, e.g., a cross-docking terminal or
distribution center. Existing research almost invariably assumes that the (un-)loading
times of trucks are fixed. In the real world, however, terminal managers have the addi-
tional flexibility of adapting the workforce for processing critical trucks. For instance,
two instead of one worker can be assigned to jointly unload the parcels of a trailer
reaching a terminal of the postal service industry onto a conveyor, or an additional
forklift can support the removal of pallets from a truck in a distribution center. Thus,
workforce management influences the processing times of trucks and a simultaneous
planning of both tasks seems advisable. For two representative truck scheduling set-
tings, mixed-integer models integrating workforce planning and truck scheduling are
presented. Furthermore, we re-formulate the problems as interval scheduling problems
and develop heuristics based on these formulations. Finally, the holistic planning models
are compared with alternative models assuming a fixed workforce. Our findings reveal
that integrated planning can considerably increase the performance of truck scheduling

in terms of total flow time and punctuality.

*This chapter has been published as: Tadumadze, G., Boysen, N., Emde, S., Weidinger, F. (2019):
Integrated truck and workforce scheduling to accelerate the unloading of trucks. European Journal
of Operational Research 278 (1), 343-362.
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B.1. Introduction

Many supply chains — especially those having a versatile assortment and plenty of sup-
pliers — rely on a consolidation of goods somewhere in their distribution networks, so

that a lot of incoming and outgoing trucks need to be efficiently coordinated:

e Ladier and Alpan (2016) report on a huge cross-docking terminal of a less-than-
truckload logistics provider for smaller shipments where an average of 320 trucks

has to be processed each day.

e In the automotive industry, thousands of parts need to be delivered each day, so
that plants are reported handling up to 400 (Battini et al., 2013) or even 480
(Berghman and Leus, 2015) inbound trucks.

e Similar numbers of trucks are related to hub terminals of the postal service industry
where parcels need to be sorted by fully-automated sortation conveyors (Boysen
et al., 2017).

In view of these examples, it is not astounding that truck scheduling has received a lot
of attention among scientists and practitioners in the recent years (Boysen and Fliedner,
2010). Typically, the number of trucks with overlapping time windows (i.e., that are
jointly waiting in a terminal yard and compete for a timely processing at some dock
door) is greater than the number of dock doors available at the terminal, which forces
some trucks to wait while other trucks are processed. Truck scheduling assigns each
incoming and/or outgoing truck to a dock door and defines a processing time interval so
that some objective function — mostly ensuring a timely delivery of goods — is optimized.
Computerized truck scheduling procedures specifically tailored to the needs of the re-
spective supply chains are, for instance, provided for air cargo terminals (Ou et al., 2010,
Boysen et al., 2013), automobile plants (Berghman and Leus, 2015), distribution centers
of food retailers (Boysen, 2010), cross-docking terminals (Yu and Egbelu, 2008, Boy-
sen et al., 2010), and terminals of the postal service industry (McWilliams et al., 2005,
Boysen et al., 2017). An in-depth survey on the broad literature on truck scheduling is
provided by Boysen and Fliedner (2010).

Existing research, however, almost invariably presupposes a fixed workforce operating
each dock door, so that a fixed processing time is assigned to each truck. This finding

is also supported by the two recent survey papers of Ladier and Alpan (2016) and Buijs
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et al. (2014) on cross-docking research, which both state the integration of workforce
scheduling as an important future research task. Indeed, in the real world, terminal man-
agers have additional ability to adapt the workforce and this way influence the trucks’
processing times. By adding additional logistics workers to help with (un-)loading a
critical truck, the processing time can be accelerated. As a result, the truck schedule
may be improved. Simply dedicating a fixed given number of workers to each door
foregoes this flexibility. There are only a few other studies integrating scarce resources
inside a terminal into truck scheduling. Shakeri et al. (2012) explicitly model a scarce
number of forklifts required to move shipments between inbound and outbound docks
in a cross-docking terminal once shipments are unloaded but do not consider a varying
(un-)loading workforce, instead assuming a dedicated worker operating each dock. Sim-
ilarly, Konur and Golias (2017) allow varying numbers of workers per door but assume
that workers never switch to another door during the planning horizon. Hermel et al.
(2016) allow “crash processing”, where two instead of one worker is assigned to a door.
Glinther and Nissen (2010, 2014) investigate the sub-daily staff scheduling problem for a
logistics service provider and develop three (meta-)heuristic approaches: particle swarm
optimization, an evolutionary strategy, and a constructive agent-based heuristic. Their
problem deals with the assignment of staff with varying qualifications to work stations
with given workload and required qualification over time. Ladier et al. (2014) develop
an employee scheduling decision support tool for a logistics platform consisting of three
MIP models covering the decision problems from weekly timetabling to daily employee
rostering. The proposed three MIPs are solved sequentially so that the output of the
previous model is the input for the next model. While the models of Ladier et al. (2014)
are generalized for all warehouse-related tasks, Ladier and Alpan (2015) deals with the
integration of the employee timetabling and rostering problem specifically into truck
scheduling operations in a cross-docking platform. Since the integrated model would
constitute a highly complex problem, Ladier and Alpan (2015) suggest a sequential and
two iterative approaches applying existing models for employee timetabling and truck
scheduling. To the best of our knowledge, the solution of both scheduling problems in a
holistic manner while taking workforce-dependent processing times into account has not

been attempted before this paper.
In industry practice, there are three alternatives for (un-)loading trucks:

e Palletized goods are moved by some forklift truck or manual pallet jack between
trailer and intermediate storage, e.g., a staging area or a dragline (see Bartholdi
and Gue, 2000).
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e Loose goods directly stored in the trailer without additional loading equipment,
e.g., parcels, are individually put onto a conveyor by logistics workers. Typically,
telescope conveyors are applied, which can be extended or retracted during the
progressive unloading or loading process, so that a worker can always directly
place each parcel onto the conveyor without additional walking (e.g., Fedtke and
Boysen, 2017).

e In the recent years, fully-automated loading platforms fixedly installed at a dock
have been introduced. They allow to load and unload a complete truckload in a

single batch just by moving a liftable platform (e.g., Lee et al., 2014).

The development of the latter solution is still in its infancy and struggles with the
wide range of different trailer types. The former two solutions, however, are the most
widespread and rely on human workers. Here, truck processing can be executed by
a single logistics worker, but it is also possible to flexibly add personnel to accelerate
the process. Clearly, the restricted space inside a trailer limits the number of workers
concurrently processing a truck to two, at most three workers and obstructions among
them suggest a subadditive performance increase. Nonetheless, additional workers can
accelerate the processing of critical trucks, so that the trucks’ processing times depend
on the workforce scheduling of logistics workers. The paper on hand is dedicated to
investigating the performance gains of an integrated truck and personnel scheduling
compared to the fixed worker assignment that is a precondition for the fixed processing
times assumed by previous research. In industry practice, large terminals handling
hundreds of trucks apply information systems for their yard management. Most of
these systems are just for monitoring incoming and outgoing trucks and to coordinate
the availability of loading docks, but there are also systems containing sophisticated
decision support tools based on operations research (INFORM, 2019). However, also
these advanced tools do not integrate truck processing and workforce scheduling, so that
we explore whether going beyond the current state-of-the-art is a worthwhile endeavour.
This paper aims at a general conclusion whether an integrated planning leads to a
considerable performance increase compared to a successive planning approach, where
both problems are solved separately. However, truck scheduling is applied in a wide
range of industries and a huge number of papers has been published on this topic (e.g.,
Buijs et al., 2014, Ladier and Alpan, 2016), so that it seems impossible to model an
integrated planning approach suited to all applications. Instead, we try to identify two
cases being representative for a wide range of settings, which are described in Section
B.2.
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The existence of two scarce resources, i.e., dock doors and logistics workers, which need
to be coordinated, resembles the processing of container ships in harbors. Our dock doors
correspond to the berthing space at the quay wall and our logistics workers to the quay
cranes moving the containers to or from a vessel. In harbors, the quay cranes can flexibly
be relocated along the quay wall, so that, here as well, processing can be accelerated
by assigning multiple resources to a vessel. Optimization procedures integrating the
allocation of berthing space and the quay crane assignment are summarized by the in-
depth survey papers of Bierwirth and Meisel (2010, 2015). The main difference between
both areas of application is that quay cranes share a rail track, so that non-crossing
constraints are relevant when relocating cranes between berths. Human logistics workers

do not face these restrictions.

Another stream of research closely related to our problem is (parallel) machine scheduling
with additional resources. By assigning a scarce resource to the execution of a job, its
processing time can be reduced, which is indicated by the term conirollable processing
times. Our workforce resource that can be added to truck processing represents a discrete
and renewable resource. It is discrete because only one, two, or three workers can jointly
(un-)load a truck. Human work is also a renewable resource because it cannot be used
up and is available again in each period of the planning horizon. Survey papers on this
field of research are provided by Blazewicz et al. (2007), Shabtay and Steiner (2007) and
Edis et al. (2013). The main distinction to truck scheduling is twofold. First, machine
scheduling with controllable processing times assumes that additional resources can be
added during the complete processing interval. Truck processing, however, also requires
maneuvering the trailer to or from the dock, so that additional workers can only be
applied during the (un-)loading phase, which is just one part of the total processing
time. Other related works, dealing with varying processing power, stem from the field
of energy-efficient scheduling, where the processing time of a job on some speed-scaling
machine additionally depends on the energy consumption rate of different speed levels
(e.g., Batista Abikarram et al., 2019, Che et al., 2017, Kayvanfar et al., 2014, Wu and
Che, 2019).

Our problem is also somewhat mathematically similar to multi-mode resource-constrained
project scheduling problems (RCPSP, surveyed by Hartmann and Briskorn (2010)).
However, RCPSP models generally do not take the particularities of cross-dock schedul-
ing into account, such as transfer times between doors and the different stages of truck
processing (docking, unloading, etc.). Since these steps cannot be preempted, must fol-

low in immediate succession, and only some steps can be accelerated, they can only be
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modelled in the RCPSP in a very round-about way, including artificial maximum time
lags and precedence constraints (Bartusch et al., 1988). Moreover, our truck-related

objectives are not commonly considered in the multi-mode RCPSP literature.

It can be concluded that existing research is not directly applicable and new solution
concepts have to be developed. To do so, our paper is structured as follows. Section
B.2 describes our integrated truck and personnel scheduling problem in detail. Solution
procedures are developed in Section B.3, whose computational performance is evaluated
in Section B.4. In Section B.5 we benchmark our holistic approach with two alterna-
tive truck scheduling approaches based on a fixedly assigned workforce to explore the
performance gains promised by a variable workforce assignment. Finally, Section B.6

concludes the paper.

B.2. Problem description

B.2.1. Verbal description and basic assumptions

This paper investigates combined truck and workforce scheduling and, thus, integrates

the following decisions:

e The truck scheduling part decides on the where and when of truck processing and

assigns each truck a dock door and a processing time window.

e Furthermore, we specify the number of logistics workers assigned to each dock in

each time period.

Both decisions are heavily interdependent. The processing time required to complete
a truck depends on the number of workers assigned to the respective dock during the
processing time window. More workers accelerate the processing whereas fewer workers

prolong the required time span.
Our two representative truck scheduling settings are based on the following assumptions:

(A1): We consider a truck scheduling problem for inbound trucks only, where the out-

bound trucks are assumed to be scheduled beforehand.

In the real world, the outbound side is often separately planned (Ladier and Alpan,

2016). In many practical settings, outbound trucks are assigned fixed departure times,
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so that they can arrive at their destinations in a timely manner. This can, for instance, be
another depot where the delivery tours to the final customers, started the next morning,
have to be reached on time (Boysen and Fliedner, 2010). In such a setting, inbound
trucks are to be scheduled such that their shipments reach the predefined departure
times of the dedicated outbound trucks (Boysen et al., 2013). The alternative setting
where an outbound truck may only leave once all predefined shipments dedicated to this
truck have been loaded (e.g., Boysen et al., 2010, Bodnar et al., 2017) requires a concerted
planning of inbound and outbound trucks. Such a setting is, however, rarely found in
practical applications (Ladier and Alpan, 2016), so that we assume the outbound side
to be given. We, thus, only derive a schedule for a given set J = {1,...,|J|} of inbound

trucks, which are to be processed at a given set D = {1,...,|D|} of inbound dock doors.

(A2): Processing an inbound truck at a dock door consists of multiple steps. Among

these steps, only the unloading step can be accelerated by adding extra resources.

processing time pj;

unloading mode k = 1

with a single worker (1) (2) (8 unleaellig (4) ()

000/ 1/1' 11 1/1: 11 1 1 1 0 0=—#oflogisticsworkers

docking a; undocking §;

B; processing time pj, ¥

unloading mode k = 2

with two workers (1) (2) (3) unloading  |(4)| (5)

0/0j0f111;21212/2|2,2;1|0|0

trailer trailer
preparation secluding

Figure B.1.: Components of the processing time of truck j

The basic steps to be executed when processing an inbound truck at a dock door are
schematically depicted in Figure B.1. First, the trailer needs to be maneuvered back-
wards towards the respective dock (1). This docking step is either directly executed
by the delivery truck or by a terminal-owned trailer truck (also denoted as spotter or
switcher, see Yano et al., 1998). In both cases (which need not be further differentiated),
a logistics worker is not required and the duration of this step takes c; time units. Once
the trailer is docked, a logistics worker has to prepare unloading (2). This step includes

activities like breaking the seal, opening the trailer doors, removing load securing, and
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positioning a telescope conveyor. This step can hardly be accelerated by additional
workers, so that we assume that it is only executed by a single worker. In total, exe-
cuting steps (1) and (2) for truck j takes [; time units. Then, the unloading step is
to be executed where the shipments are removed from the trailer (3). This step can be
accelerated by additional workers and depending on the number of workers applied we
differentiate alternative modes of unloading. Set K; = {1,...,|K;|} contains all modes
associated with truck j and processing time p;, denotes the resulting total processing
time, i.e., of all five steps, if unloading mode k, i.e., with k£ workers unloading, is selected
for truck j. Recall that the limited space in a trailer, typically, restricts the possible
modes to one, two, or three workers during the unloading phase and obstructions among
them lead to a subadditive performance increase. Once all shipments are removed, un-
loading is secluded and the trailer has to be closed by a single worker (4). Finally, the
trailer is to be removed from the dock (5). The undocking step (5) takes J; time units
and steps (4) and (5) together last ; time units. Depending on the unloading mode £*
selected for truck j, the actual processing time p; = pj;~ is realized and once this time

has elapsed, the dock door is available again for a subsequent inbound truck.
(A3): The number of workers executing the unloading step of a truck remains unchanged.

This assumption rules out that workers execute only parts of the unloading process step.
If additional workers are applied to support the unloading step (3), they are bound
from its start until completion. This simplifying assumption considerably reduces the
solutions space and eases the mathematical problem definition. However, it seems also
reasonable because of practical considerations. It is much simpler to direct workers from
trailer to trailer whenever a task is completed, instead of forcing them to steadily observe

time to not miss a premature changeover.
(A4): We assume that workers can switch from one dock to another instantaneously.

This is without doubt a simplification of reality where the setup time depends on the
distance to be bridged between two successive docks. However, the walking time is typi-
cally considerably shorter than the unloading time and at least a fixed setup time can be
considered when calculating the processing times of a mode, i.e., by an ex-ante reduction
of the performance increase. The notable benefit of this simplification on the modeling
side is that workers can be treated as an aggregate resource and no individual workers
must be assigned to specific unloading tasks in order to calculate sequence-dependent
setup times. For answering our general research question whether integrating workforce

planning is a worthwhile task, this simplification seems pardonable, but relaxing this
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limiting assumption is undoubtedly a challenging task for future research.

(A5): We assume that arrival times and latest departure times for each incoming truck

are known and have to be considered.

To extract the impact of an integrated truck and workforce scheduling, we model a basic
truck scheduling problem and abstain from integrating further peculiarities like limited
intermediate storage space (Miao et al., 2009), preemptive truck processing (Larbi et al.,
2011), or interchangeable products (Boysen et al., 2010). We only consider earliest arrival
times 7; and latest departure times Ej, which are among the most elementary practical

constraints a terminal faces (Bodnar et al., 2017).
(A6): We presuppose that all time related parameters have integer values.

Note that any real-valued parameters can be scaled to integer values to arbitrary preci-

sion.

(A7): The total number of available workers for unloading operations is assumed to be

given and fixed.

Truck scheduling and workforce scheduling have conflicting objectives. On the one hand,
fast processing of trucks can be supported by additional workers. Workforce scheduling,
however, aims at an efficient resource allocation and rather prefers schedules where
fewer workers are applied. To resolve this basic trade-off, we assume a given constant
workforce W of unloading workers. This way, optimized truck schedules can be derived
for differently sized workforces, so that an efficient frontier is gained and an informed
terminal manager can select the best truck and workforce schedule among the given
alternatives. We address this topic in more detail in Section B.5. Note that the models
and solution methods proposed in the following can easily be extended to account for
time-varying availability of workers by replacing the static set of workers W by the

dynamic sets of workers W.

We consider the truck scheduling problem in two basic settings, which differ from one

another with regard to their objective functions:

e The first objective covers all cases in which the performance exclusively depends
on the completion times C; of the trucks. Specifically, we minimize the sum of the
trucks’ flow times. Typically, completion time dependent objectives are well-suited

for distribution centers or factories, where inbound shipments can be stored tem-
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porarily before they are reloaded onto outbound trailers in order to be transported
to their next destination. In such a setting, it is the main objective to get the

trucks back on the road as fast as possible.

e Our second objective minimizes the weighted sum of missed shipments that are
too late to be loaded onto their outbound trailers. It considers the case where the
goods must be directly reloaded onto outbound trucks without the intermediate
storage step. This objective is suitable for a cross-docking environment or a termi-
nal used by the postal service industry (Boysen et al., 2013), where shipments are
to be directly reloaded onto outbound trucks. Here, the performance depends not
only on the completion times of the inbound trucks but also their dock assignments
which plays a crucial role for intra-facility transportation times of shipments: e.g.,
if an assigned dock door of an inbound truck is far from the dock door of the corre-
sponding outbound truck, then the transportation between inbound and outbound

doors takes a long time, which could result in late transshipment.

These assumptions and objectives lead us to two different integrated truck and workforce

scheduling problems (dubbed ITWS), which we elaborate in the following two sections.

B.2.2. ITWS in the distribution center context

Consider a given set J = {1,...,|J|} of inbound trucks, which in a given discrete time
frame t = 1,...,T are to be processed at a given set D = {1,...,|D|} of dock doors,
which are exclusively reserved to inbound operations. Processing trucks includes their
unloading for which a given workforce W = {1, ..., |W|} of logistics workers is available.
Each truck j € J can be processed in different (predefined) modes of unloading. The
modes K; = {1,...,|Kj|} vary in the number of workers executing the unloading step
and, thus, each mode k € K of truck j is assigned a specific processing time p;;. Truck
processing is bound to time windows defined by arrival time 7; and deadline Ej. A

solution consists of the following decisions:
e for each truck j € J, a mode of unloading k € K is to be selected,

e for each truck j € J, a completion time C; has to be set: once a mode of unloading
k € K; for truck j is selected, its processing time p; is determined; the remaining

decision is to schedule this processing interval within the truck time window,
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e a dock door is to be assigned to each truck j € J where it is processed, and

e workers need to be assigned to docks over time, such that always enough work-
ers are available to execute the processing intervals (according to the number of
workers defined by the selected mode of unloading) and the total workforce is not

exceeded.

Table B.1.: Notation for ITWS-DC

Sets:

J Set of inbound trucks (index: 4,j = {1,2,...,|J|})

D Set of available inbound docks (index: g = {1,2,...,|D|})

K;  Set of unloading modes for truck j (index: k = {1,2,...,|K;|})

Input data:

T Number of periods with t =1,...,T

|[W| Total number of available workers per time unit

pjk  Processing time of truck j if it is unloaded in mode k

T Arrival time of truck j

d; Deadline of truck j

a;  Duration of truck j’s initial docking (step (1))

B Duration of truck j’s initial docking plus preparation (step (1) + step (2))

v Duration of truck j’s preparation for trailer secluding plus undocking (step (4) + step
(5))

0 Duration of truck j’s final undocking (step (5))

M Big integer

Decision variables:

Dj Continuous variable: processing time for unloading inbound truck j

P Set of p; variables: P = {p; | j € J}

C;  Continuous variable: completion time of inbound truck j

C Set of C; variables: C = {C; | j € J}

x;;  Binary variable: 1, if inbound truck j is processed directly after inbound truck ¢ at
the same dock; 0, otherwise

xo; Binary variable: 1, if inbound truck j is processed first at a dock; 0, otherwise

Zjn,  Binary variable: 1, if inbound truck j is processed last at a dock; 0, otherwise (n =
]+ 1)

X Set of x;; variables: X = {z;; |t € JU{0},j € JU{n}}

Yjke Binary variable: 1, if processing truck j is in mode % and ends in period ¢; 0, otherwise

Y Set of y;; variables: Y = {y;i | j € ke Kj,t € {1,...,T}}

Among all feasible solutions we seek one that minimizes the flow times of trucks, i.e.,
F =73 c;(Cj —rj), such as to minimize the total time during which trucks are bound
to the terminal. Such a completion time dependent objective seems well-suited if the
shipments are not instantaneously loaded onto outbound trucks, but remain (at least
for some time) in intermediate storage at a distribution center or manufacturing plant.

From a machine scheduling perspective, this corresponds to the following (adapted) tuple
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notation based on Graham et al. (1979): [P|r;;d;j;p;(k)| Y. Fj]. Here, Y F; and p;(k)
indicate the flow time objective and a processing time depending on the unloading mode,
respectively. However, due to division of trucks’ processing in several phases, our ITWS
problem cannot be purely characterized as a classical machine scheduling problem. An

optimal schedule for an example problem is illustrated in Appendix B.7.

A mixed-integer program for the resulting problem setting dubbed ITWS-DC consists
of objective function (B.1) and constraints (B.2) - (B.13). The applied notation is

summarized in Table B.1.

[ITWS-DC| Minimize F(P,C, X,Y) = Z (Cj —rj) (B.1)
JjeJ
subject to
T
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Objective function (B.1) minimizes the sum of flow times over all trucks. Constraints
(B.2) ensure that the realized processing time p; of truck j equals that of the selected
unloading mode. Furthermore, (B.3) take care that the completion time of each truck
matches the mode selection variable y;1;, which with a value of 1 indicates that mode k for
truck j ends in period ¢ and (B.4) ensure that exactly one mode and a single completion
time is selected for each truck. The given workforce is considered in (B.5). In no period,
the number of required workers may exceed the size |IW| of the given workforce. The
three terms on the left-hand side of (B.5) represent the workforce currently required for
trailer preparation (step (2) of Figure B.1), unloading (step (3)), and trailer secluding
(step (4)), respectively. To avoid symmetric solutions, we do not explicitly assign trucks
to docks, but build chains of trucks (i.e., groups of trucks) that are jointly assigned to
the same door. Constraints (B.6) ensure that each inbound truck is processed at some
dock. Inequalities (B.7) guarantee that the number of truck chains composed does not
exceed the number of available doors. Constraints (B.8) ensure that the sequences of
inbound trucks are well-defined. Specifically, each inbound truck j is processed either
as the first truck at a door (xg; = 1) or directly after another inbound truck i € J
(xi; = 1); analogously, a truck is processed either as the last truck at a dock (xj, = 1) or
is directly followed by another inbound truck i € J (z;; = 1). Constraints (B.9), (B.10),
and (B.11) define the completion time C; for each truck j. It has to be later than
that of its predecessor truck (B.9), range in-between arrival time and deadline (B.10),
and processing of virtual truck 0 ends at the beginning of the planning horizon (B.11).
Note that M = max;e;{d;} is sufficiently large. Finally, constraints (B.12) and (B.13)

represent the binary integrality requirement of 0-1 variables.

Theorem B.1. Finding a feasible solution to ITWS-DC 1is strongly NP-complete for
|D| > 1.

The complexity status of ITWS-DC, i.e., even finding a feasible solution turns out as a
complex task, directly follows from the ITWS-DC being a generalization of the single
machine scheduling problem with given arrival times and deadlines, which is well-known

to be strongly NP-complete (Garey and Johnson, 1979).
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B.2.3. ITWS in the cross-docking context

In a cross-docking environment, incoming shipments are to be quickly reloaded onto
outbound trucks. Here, apart from unloading of shipments from inbound trucks, also
their intra-facility transportation time between the dock doors needs to be considered.
Hence, our objective depends on both trucks’ completion times and their assignments to
the doors. Except for the workforce aspect, we presuppose the problem version described
in Boysen et al. (2013). Specifically, we are additionally given a set of outbound trucks
O where each outbound truck o € O may receive shipments from several inbound trucks.
Thus, we are additionally given the weight of shipment ¢;, (e.g., the number of pallets)
delivered by inbound truck j for outbound truck o. Further, each outbound truck o € O
is bound to a specific outbound door and departure time d, that is assumed to have
been determined in a previous planning step, such that each outbound truck reaches its
successive destination in a timely manner. Only inbound shipments that are unloaded
on time, such that their completion time plus the transfer time ¢4, from their respective
dock door g towards that of outbound truck o does not exceed d,, reach their outbound
truck. All other shipments are delayed up to the next outbound truck serving the
respective destination. Thus, our problem representing the cross-docking context varies

in the objective function compared to ITWS-DC.

Table B.2.: Additional and altered notations for ITWS-CD

Sets:
0 Set of outbound trucks (index: o = {1,2,...,|0[})
Input data:

®jo  Weight of a shipment (e.g., the number of pallets) delivered by inbound truck j for
outbound truck o

do Fixed departure time for outbound truck o

¢go Transfer time for moving goods from dock g to outbound truck o

Decision variables:

xfj Binary variable: 1, if inbound truck j is processed directly after inbound truck 7 at
dock g; 0, otherwise

:cgj Binary variable: 1, if inbound truck j is processed first at dock g; 0, otherwise

Binary variable: 1, if inbound truck j is processed last at dock g; 0, otherwise (n =

1+ 1)

X Set of z; variables: X = {z7; |i € JU{0},j € JU{n},g € D}

Zjo  Binary variable: 1, if the shipments of truck j are too late for reaching outbound
truck o; 0, otherwise

Z Set of z;, variables: Z = {z;, | j € J,0 € O}

To make a connection to machine scheduling, weights ¢, can be interpreted as penalty

costs, which arise whenever due date d, cannot be met, and transfer times ¢4, resemble
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delivery times (or tails) that depend on the specific machine pairs. Thus, from a ma-
chine scheduling perspective, our objective is analogous to minimizing the total weighted
number of tardy jobs (i.e., > w;U;), so that an (adapted) tuple notation according to
Graham et al. (1979) is [R|rj;3j;pj(k);qgo| > w;Ujl.

Applying the additional (or slightly altered) notation defined in Table B.2, the result-
ing MIP model (denoted ITTWS-CD) consists of objective function (B.14) subject to
constraints (B.2) - (B.5), (B.10), (B.11), (B.13) and (B.15) - (B.21).

[ITWS-CD| Minimize F(P,C, X,Y,2) =Y > jo- Zjo (B.14)
j€J 0€0

subject to (B.2) - (B.5), (B.10), (B.11), (B.13) and

YooY al=1 VjeJ (B.15)
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i#] i
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v
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2io €{0,1} Vie J;0eO (B.21)

Objective function (B.14) minimizes the weighted sum of lost shipments. All formulae
defining the selection of unloading modes can directly be taken over from model ITWS-
DC. However, as the objective function now depends on the dock each truck is assigned

to, we have to assign each truck chain to its specific dock g. Hence, we define an
g
Ji
which sets decision variables zj, to one whenever an inbound truck j is scheduled such

additional index g € D for decision variables z9.. The basic new ingredient is (B.19),

that the shipments dedicated to outbound truck o cannot be loaded on time. Note that
M = maxjc;{d;} is not sufficiently large for ITWS-CD. Instead, M = max;ecs{d;} +
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maxgep oco{Pgo} must be applied.

An optimal schedule in the cross-docking environment for an example problem can be

found in Appendix B.7.

Theorem B.2. Finding a feasible solution to ITWS-CD is strongly NP-complete for
|D| > 1.

The complexity status of ITWS-CD is the same as that of ITWS-DC, because of the

same consideration presented above.

B.3. Solution procedures

To derive a relatively simple solution procedure that is easily adaptable to all variants
of truck scheduling problems, we reduce both versions of ITWS to interval scheduling
problems. This approach has proven to be very successful in related truck schedul-
ing problems (Boysen et al., 2017). It is well-known that any time-indexed scheduling
problem can be formulated as a discrete interval scheduling problem (e.g., Kolen et al.,
2007). This model formulation assumes all time-related parameters to have an integer
value. For practical purposes, this assumption can be abrogated by scaling and rescaling
the time unit before and after conducting the solution procedure, respectively. This
approach allows us to generate a subset of feasible execution intervals, so that not all
feasible intervals per truck are considered a potential interval. Instead, for each inbound
truck j a finite set M; of execution intervals is selected. Each execution interval m € M;
defines an unloading mode kj,, € Kj (i.e., number of workers), which determines the

sdj] (note that the process-

interval length, and a completion time Cj,, € [r; + Pikjms Ay

ing start time is implicit). This way, for each inbound truck j € J, execution interval

m € Mj, and period t =1,...,T, we can compute the following parameters:

® ajy,: € N: number of required workers during period ¢ processing inbound truck j

with regard to execution interval m € M;, and

e bjm: € {0,1}: has a fixed value 1, if execution interval m € M, considers cor-
responding truck j to be processed during period ¢ (i.e., docked at the door), 0

otherwise.

As a result, the problem reduces to selecting one execution interval for each truck j from
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given set M; of intervals.

It stands to reason that the set M, of potential intervals has a substantial effect on the

performance of the solution procedure. The number of all feasible intervals for truck j

consists of exactly > ;. K; (dj —rj — pjr + 1) different elements, which differ from each
other either in unloading mode kj,, or in completion time C,, or both. While it would

be possible to include all possible intervals in sets M, this would likely lead to slow

di—ri—pjrtl
“w
with p as a predefined integer number (1 > 1). By varying parameter p, we can reduce

solution times. Instead, we only select [M;| =", K, [ —‘ execution intervals
the solution space: a greater value of ;1 reduces |M;|, and the interval scheduling versions
of our ITWS problems become easier to solve. On the other hand, fewer intervals (i.e.,
greater ) increase the risk that the optimal execution intervals are not in M; and that
the optimality gap increases. We further investigate this trade-off in our computational
study (Section B.4.3).

We develop the following three interval selection approaches that, for each truck j € J,

generate |M;| execution intervals:

e Random approach: as a first and very basic approach, for each execution interval
m € Mj, we randomly select a feasible unloading mode kj;,, and a completion time
Cjm from sets K and {rj + pjk;,., 75 + Pjkjm + 15+ ,d;}, respectively (discrete
uniform distribution). To select exactly |M;| execution intervals, this step is simply
repeated |M;| times. This approach is quite simple, but it does not prevent two
or more identical execution intervals per truck from being generated. That is
because for each interval m, both unloading mode kj,, (i.e., number of workers)
and completion time Cj,, are selected independently from each other. Thus, there

is no guarantee that some execution intervals are missing even when p = 1.

e Semi-random approach: to rule out the above described redundancy (i.e., selecting
multiple identical execution intervals per truck) we develop the following strategy:
at first, for each unloading mode kj,, € K, the set of theoretically possible comple-
tion times {7 + pjk; ., 75 + Pjksm + 1, - - - ,d;} is divided in disjunct non-overlapping
subsets where each subset contains exactly p elements (with the exception of the
last subset if the term &j —Tj = Pjk;,, i not divisible by ). Then, for each feasible
unloading mode k;,, € K, we randomly select exactly one completion time Cj,,
from each subset. As a result, we generate more diverse execution intervals as each

selected interval m is unique either in its number of workers (i.e., interval length)
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or in its completion time.

e Smoothed approach: our third method of selecting intervals is similar to the semi-
random approach, with the exception that completion times for each unloading
mode kj,, € K; are selected fully deterministically. Specifically, for each unloading
mode kj,, € K, of truck j € J, we select the first and every u-th interval m from a
sorted set {7 + pjk; ., 75 + Pjksm + 1, - - - ,d;} of execution intervals, where they are
sorted in ascending order according to their completion time Cj,,. Consequently,
we have such set M; of execution intervals that the completion times for each
unloading mode k are smoothly distributed within the interval of all theoretically

possible completion times [r; + pjx; d;].

Note that in case of = 1, in the semi-random and smoothed approaches, all intervals
are selected as each sub-interval consists of exactly one execution interval. Hence, the
entire solution space is covered and the corresponding interval scheduling problem is

equivalent to the original ITWS problem.

Given these intervals, the resulting interval scheduling problems for the two versions
of our ITWS are discussed in Sections B.3.1 and B.3.2. The proposed three interval
selection schemes applying different values of p for an example problem are illustrated

in Appendix B.8.

B.3.1. Interval scheduling for ITWS-DC

Once for each truck j € J a finite set M; of execution intervals is given, we can compute

their contribution to the objective value, i.e., the resulting flow time, as follows:

Wjm = Cjm —1j Vi€ J;me M. (B.22)

Given these weights w;,, and the notation summarized in Table B.3, the MIP model for
the interval scheduling version of ITWS-DC, which we denote as ITWS-DC-I, consists
of objective function (B.23) and constraints (B.24) - (B.27).

[ITWS-DC-T| Minimize F(X) =Y > wjm - Tjm (B.23)
jEJ mele
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Table B.3.: Notations for ITWS-DC-I

Sets:
M,  Set of predetermined intervals for processing truck j (index: m = {1,2,...,|M,|})
Input data:

wjm  Weight for selecting interval m for truck j

ajm¢ Number of workers applied during period ¢ when selecting interval m for truck j

bjm: DBinary parameter indicating whether (bjm: = 1) or not (bjm: = 0) interval m for
truck j is active during period ¢

Decision variables:

Zjm  Binary variable: 1, if interval m is selected for inbound truck j; 0, otherwise

X Set of xj,, variables: X = {zj, | j € J,;m € M;}

subject to
Y am=1 VjelJ (B.24)
mEZ\/[]'
SN Gjmewjm < W[ VE=1,...,T (B.25)
j€J meM;
SN b wm <D VE=1,...,T (B.26)
jGJmEM]'
zjm €{0,1}  Vje J;me M (B.27)

Objective function (B.23) minimizes the sum of flow times over all selected intervals.
Constraints (B.24) ensure that for each truck exactly one interval is selected. (B.25)
and (B.26) take care that the capacities of the two limiting resources, i.e., unloading
workers and docks, are not exceeded in either period. Finally, (B.27) sets the domain of

the binary variables.

Unfortunately, the following complexity status holds for ITWS-DC-I. Nevertheless, as
the interval scheduling formulation has the structure of general set partitioning problem,
which is a very well studied problem, the respective MIP models can be expected to be

quickly solvable by commercial solvers for instances of relevant size.

Theorem B.3. Finding o feasible solution to ITWS-DC-I is strongly NP-complete.

The proof is by reduction from the selective k-colorability problem (dubbed SKC), which
is defined as follows (Demange et al., 2014):

SKC: Given an undirected graph G = (V, E), where vertex set V is partitioned into

given disjunct clusters Vi,..., V. Is there a selection of vertices (i.e., a set V*), such
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that exactly one vertex per cluster is selected (i.e., |[V*NV;| =1 foralli € {1,...,p}),
and is this selection colorable with exactly k colors (i.e., k-colorable), such that no pair

of selected vertices connected by an edge receives identical color?

SKC was shown to be strongly NP-complete even if kK = 1 and the graph is an interval
graph, i.e., vertices represent intervals on a line, see (Demange et al., 2015). Both

properties are agssumed for SKC in the following proof.

Proof. The membership in NP is obvious, so that we merely define how an instance of
ITWS-DC-1is derived. Each cluster represents one truck. For each truck, we assume only
a single mode of unloading with a single worker, and any vertex of a cluster represents an
interval for its truck. If an edge exists between two vertices, then their completion time
has to be selected such that their processing intervals overlap. If we, finally, interpret
the k colors as k dock doors, then the one-to-one mapping between SKC and finding a
feasible ITWS-DC-I solution is readily available. O

B.3.2. Interval scheduling for ITWS-CD

Analogously, interval scheduling can also be applied to solve ITWS-CD. To derive MIP
model ITWS-CD-I, the first alteration required is an alternative definition of the decision
variables. Variables x4 € {0, 1} receive value 1, if interval m for truck j is executed at
dock g (0 otherwise) (with X as set of xj,,, variables: X = {zjmg | j € J,m € Mj,g €
D}). Furthermore, weights

1 it Cjy + >d
Wimg = Y _ o m T g0 =80y Jime My geD (B.28)
0cO 0 otherwise,

define the penalty if interval m for truck j is executed at dock g. These penalties amount
to the weighted sum of all missed outbound trucks. The resulting interval scheduling
model ITWS-CD-I consists of objective function (B.29) and constraints (B.30) - (B.33).

[ITWS-CD-1| Minimize F(X) => " > > wWjmg * Tjmg (B.29)
j€J meM; geD
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subject to

S wjmg=1 VjelJ (B.30)

meM; geD

SN S Gt tgmg < IW[ O VE=1,...,T (B.31)

je€J meM; geD
SN bjmtwjmg <1 Vt=1,...,T;g€D (B.32)
j€J meM;
Timg € {0,1}  VjeJ;me Mj;ge D (B.33)

Theorem B.4. Finding a feasible solution to ITWS-CD-I is strongly NP-complete.

This result directly follows from the proof provided for ITWS-DC-I.

B.4. Computational performance

This section explores the computational performance of our models and solution ap-
proaches. Specifically, we investigate the following research questions. First, we compare
the computational performance of the two alternative MIP formulations when seeking
optimal solutions: the original MIP model vs. its interval scheduling counterpart. Addi-
tionally, we investigate the sensitivity of their solution quality and computational time

depending on different instance characteristics (Section B.4.2).

Our second research question is to find the best solution procedure for instances of
real-world size where only heuristic solutions are obtainable (Section B.4.3). Firstly,
we compare the three proposed interval selection approaches, which are described in
Section B.3. Secondly, we investigate the trade-off between computational time and
solution quality by tuning the parameter p, i.e., defining the appropriate number of

intervals.

Unfortunately, there is no established testbed for ITWS-DC and ITWS-CD, so that
we begin this section with a description of how our test instances have been generated
(Section B.4.1).
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B.4.1. Instance generation

For each of our research questions, we generate data sets of two different sizes. In
particular, the number of inbound trucks and dock doors are certainly critical factors
that make the problem either harder or easier to solve. Hence, the size of our data sets
is characterized by these two input parameters. Instances suited for our first research
question have to be small enough to be solved to optimality in reasonable time by a
default solver. We, thus, selected |J| = 20 inbound trucks and |D| = 5 docks to obtain
very small instances (instance size dubbed as XS), and |J| = 50 inbound trucks and

|D| = 15 docks for small-sized instances (instance size: S).

When addressing our second research question and seeking for best performing solution
procedures, we require larger instances, considering 25 and 50 inbound docks and 100 and
200 inbound trucks (instance size: M and L), respectively. Note that these numbers are
representative for real-world facilities of the postal service industry discussed in (Boysen
et al., 2017). The input parameters displayed in Table B.4 are applied to initialize our

data generator, which generates 10 instances for each parameter combination as follows.

A time unit for all generated instances consists of five minutes. We assume that a
truck can be unloaded by a maximum of three logistics workers. Consequently, for each
inbound truck j we randomly determine a number of unloading modes |Kj| from the
set {1,2,3}. The total number of available workers |W| is set to 2 - |D|. For each job,
the processing times for steps (1) (docking) and (5) (undocking) are set to 5 minutes,
and for the steps (2) (trailer preparation) and (4) (trailer secluding) to 10 minutes. To
generate the processing time for the third step (unloading) using the different unloading
modes, we first determine the duration of this phase assuming that merely one logistics
worker is required to unload the trailer. The duration 7;; of the unloading step for the
inbound truck j for its first mode is determined randomly from interval [6; 18], meaning
that the unloading step lasts between half- and one-and-a-half hours. Subsequently, we
derive 7, for higher modes (k € {2,...,|K}|}) using the equation 7j; = Z%%l, where k is a
predefined parameter. It represents the acceleration effect of additional logistics workers.
k = 1 means that unloading a truck with k logistics workers takes exactly k£ times less
than the task being executed just by a single worker. A larger value of k ensures a lower
acceleration effect and, therefore, considers a sub-additive performance increase. Finally,
the total processing time p;; of a truck j in unloading mode £ is derived by summing

up the processing times over all five steps.
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Arrival and departure times of inbound trucks are generated by the following procedure
proposed by Boysen et al. (2017). First, a random no-wait truck schedule is created
and then the time windows around the respective processing intervals are generated.
Specifically, we initially create a random sequence of trucks and successively assign them
to the furthest possible dock and fix preliminary start times 7; to the earliest time
the selected dock is available again. Once all trucks are assigned, we determine the
length of the time window for each truck by randomly drawing €2; and w; from intervals
[0; Qnaz] and [0;1], respectively. Then, arrival time r; and deadline d; are set to rj=
max{0;7; —w; - - pj1} and dj = nj + pj1 - (1 + (1 —wj) - ), respectively. In this way,
we receive instances that either have tight time windows (low €2,,,4,) or more flexibility
(high Q,42). Finally, the length of the time horizon is set to the latest deadline of

inbound truck, i.e., T = max e {d;}.

Table B.4.: Parameters for instance generation

Research Question 1 Research Question 2

Instance size XS S M L

|D| 5 15 25 50
|| 20 50 100 200
|O| 5 15 25 50
Qaz (1,2,3,4) (1,2,3)

K 2 2

h 1 (1,2,3,4,5)

ITWS-CD instances additionally contain a set of outbound trucks O with related param-
eters: g, (transfer time), ®;, (weight), and d, (departure time of outbound trucks).
For all instances, we equate the number of outbound trucks |O| with the number of
inbound docks |D|. ¢4, is assumed to be proportional to the distance between two re-
spective docks. The distances are derived for the cross-docking terminal with a simple
I-shape and rectilinear distances, where the inbound and outbound trucks are docked
at opposite sides of the terminal (for a detailed description see e.g., Bartholdi and Gue,
2004, Stephan and Boysen, 2011b). Furthermore, the number of total unit loads per
inbound truck v; is randomly drawn with uniform distribution from the interval [30; 38].
This corresponds to a typical truckload measured in European block pallets (100x120
cm). For each inbound truck j we draw |0.5 - |O|] uniformly distributed numbers from
interval [0; 1] and proportionally assign the v; pallets to random outbound trucks (as far

as rounding differences allow). Finally, we determine d,, such that the objective value
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is potentially affected by the respective truck assignment. To do so, for each outbound
truck o we derive a feasible no-wait truck schedule of all inbound trucks dedicated to o,
similar to the procedure outlined above while we only take the inbound trucks carrying
goods for truck o into account. According to this schedule, we set d, to equal the av-
erage completion time of its inbound trucks, i.e., the time when the movement of the
goods from inbound truck j to outbound truck o is completed. In total, we generated
and solved 320 MIPs for the first research question and 1800 MIPs for the second. The
problem instances can be downloaded using the following DOI: 10.5281/zenodo.1487845.

We have implemented our solution procedures in VB.NET (Visual Studio 2015) and
applied standard solver IBM ILOG CPLEX Optimizer V12.6.3 for solving our MIP
models. All tests have been executed on a PC with a 4.01 GHz Intel Core processor and
64 GB RAM. The solution time for all solution approaches is limited to 30 minutes per

nstance.

B.4.2. Comparison of MIPs when seeking optimal solutions

In this section, we compare the computational performance of the original MIP formu-
lation with the interval scheduling formulation for both ITWS settings. In addition, we
execute a sensitivity analysis for the following input parameters: the instance size and
the relative width of the time window. We observe instances from the different sized data
sets (XS and S) with the varying width of the trucks’ time windows Q.. € {1,2,3,4}.
According to preliminary tests, acceleration parameter x has only a marginal impact
on the problem complexity. Hence, x is set to the fixed value of 2 for all instances.
First, we solve our instances with standard solver CPLEX (MIP models ITWS-DC or
ITWS-CD). Furthermore, we convert them to interval scheduling problems including all
possible intervals (i.e., applying p = 1) and solve them again. Note that, since we do not
prune intervals heuristically, the optimal interval scheduling solution is equivalent to the
optimal solution of the actual problem. Further note that, to make the comparison of
two alternative formulations fair, we report both the CPU time for generating the MIP

models and the CPU time the solver needs to solve them.

Table B.5 presents the numerical results for the instances in the distribution center con-
text. Fach table entry contains the aggregated results over all instances of the same
parameter configuration (i.e, 10 instances). In particular, we report the average MIP

generation times (column “C PU9¢™"), - MIP solving times (column “C PU*°"”), the num-
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ber of instances that are solved to proven optimality (column “#*”) and the optimality
gaps of the best upper bounds obtained by the solver using ITWS-DC within 30 minutes

(column “gap*”).

Table B.5.: Numerical results: comparison between I'TWS-DC and ITWS-DC-I formu-

lations
Instance ITWS-DC ITWS-DC-I
Size [J| D] Qnas CPU9™  CPU*  #*  gap* CPU9™  CPU*  #*  gap*
XS 20 5 1 0.04 25.87 10 0.00 0.09 0.20 10 0.00
XS 20 5 2 0.09 1324.85 3 0.36 0.19 0.91 10 0.00
XS 20 5 3 0.14 1114.05 5 0.36 0.29 1.48 10 0.00
XS 20 5 4 0.17 1263.74 3 0.41 0.47 2.24 10 0.00
S 50 15 1 0.19 1453.46 3 0.57 0.27 1.42 10 0.00
S 50 15 2 0.17 1630.79 1 2.89 0.45 211 10 0.00
S 50 15 3 0.19 1462.48 2 2.51 0.67 2.26 10 0.00
S 50 15 4 0.25 1696.07 1 4.80 0.99 4.12 10 0.00

ITWS-DC-I is strictly superior to ITWS-DC, since it provides optimal solutions for all
80 instances considerably faster while for some ITWS-DC instances, the solver cannot
terminate within the time limit of 30 minutes. In particular, ITWS-DC finds the optimal

solution for only 28 of the 80 instances.

Table B.6.: Numerical results: comparison between ITWS-CD and ITWS-CD-I formu-

lations
Instance ITWS-CD ITWS-CD-I
Size  |J|  |D|  Qmaz cPU9e™  CPUs°t  gfeas  ux gap* CPUY™  CPU®°'  #*  gap*
XS 20 5 1 0.05 1.60 10 10 0.00 0.33 0.24 10 0.00
XS 20 5 2 0.06 11.37 10 10 0.00 0.65 0.42 10 0.00
XS 20 5 3 0.16 515.50 10 9 0.00 0.71 4.60 10 0.00
XS 20 5 4 0.08 447.57 10 8 0.00 1.18 1.50 10 0.00
S 50 15 1 0.66 >1800 10 0 22.34 2.22 18.99 10 0.00
S 50 15 2 0.91 >1800 2 0 29.68 4.64 44.50 10 0.00
S 50 15 3 0.71 1526.26 4 1 17.43 4.35 21.15 10 0.00
S 50 15 4 0.74 160.07 1 1 0.00 10.07 52.48 10 0.00

Parameter 4, shows ambiguous effects on the problem complexity. On the one hand,
larger time windows raise planning horizon 7' and, thus, the amount of feasible intervals
per truck. As a result, the size of the interval based MIP models (in terms of number of
constraints and variables) and the size of the solution space increase. This leads to longer
computational times for both models. On the other hand, a very high value of Q4
simplifies the time window related constraints of ITWS-DC, which facilitates the solution
process. Our results do not show any clear trends with regard to the effect of Q44.
In any case, however, the interval scheduling formulation considerably outperforms the

original MIP model formulation.
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The corresponding results for the cross-docking context are summarized in Table B.6.
Standard solver CPLEX solving the original MIP model ITWS-CD fails to find even a
feasible solution for some instances from data set S. Therefore, we additionally report
the number of instances solved to feasibility per parameter setting (column “#7€25”),
As expected, the ITWS problem in the cross-docking context is harder to solve than
in the distribution center context, where the assignment of inbound trucks to specific
docks is not part of the decision problem. In total, ITWS-CD provides a feasible solu-
tion merely for 57 out of 80 instances, out of which 39 are optimal. Applying interval
scheduling formulation ITWS-CD-I, CPLEX rapidly solves all generated 80 instances
to proven optimality. Nonetheless, a comparison between the results of ITWS-CD-1
and [TWS-DC-T highlights the higher problem complexity in the cross-docking context.
With regard to our first research question, it can be concluded that interval scheduling
clearly outperforms original MIP formulations when seeking optimal solutions with a

default solver.

B.4.3. Performance of heuristic solution procedures

In this section, we evaluate the heuristic performance of our interval scheduling approach
applying the three interval selection methods and the varying values of parameter . To
do so, we apply the problem instances from data sets M and L with varying relative
width of time windows (Qe: € {1,2,3}). Each data set consists of 30 instances per
problem setting, so that for each version of ITWS we observe 60 instances. Each ITWS
instance is first transformed to the corresponding interval scheduling problems using the
three approaches described in Section B.3 and the values of p from set {1,2,3,4,5}, and
then solved by the default solver. As a result, each ITWS instance is solved 15 times.

Table B.7 summarizes the computational results of our comparison for the distribution
center context. The average computational times required by CPLEX to generate and
solve the interval scheduling problems are reported within column “CPU”. Moreover,
column “#™*” contains the number of instances that are solved to optimality within the
time limit. Recall that solving an interval scheduling problem instance to optimality
does not necessarily lead to the optimal solution of the original ITWS problem (with the
exception, when the exact method is applied, i.e., u = 1 and the smoothed /semi-random
approach is used). Finally, the average optimality gaps are reported in column “gap*”,
where they are computed with respect to the actual optimal solution of the problem (i.e.,

those obtained when = 1). As can be seen from the results, all 900 generated interval
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Table B.7.: Performance of interval selection approaches and space reduction level p for

ITWS-DC-I

Instance Random approach Semi-random approach Smoothed approach
Size |J|  |D| Qmaez w CPU #*  gap* CPU  #'* gap* CPU #'* gap*
M 100 25 1 1 0.75 10 2.80 0.79 10 0.00 0.79 10 0.00
M 100 25 2 1 1.32 10 2.41 1.41 10 0.00 1.37 10 0.00
M 100 25 3 1 1.82 10 2.46 1.95 10 0.00 1.96 10 0.00
L 200 50 1 1 1.42 10 2.89 1.51 10 0.00 1.48 10 0.00
L 200 50 2 1 2.71 10 2.18 3.03 10 0.00 3.03 10 0.00
L 200 50 3 1 2.86 10 2.43 3.09 10 0.00 3.11 10 0.00
M 100 25 1 2 0.46 10 6.46 0.47 10 2.89 0.51 10 0.57
M 100 25 2 2 0.78 10 5.58 0.80 10 2.50 0.80 10 0.51
M 100 25 3 2 0.98 10 5.80 1.01 10 2.52 1.00 10 0.58
L 200 50 1 2 0.83 10 6.58 0.80 10 2.71 0.81 10 0.23
L 200 50 2 2 1.38 10 5.15 1.42 10 2.40 1.42 10 0.28
L 200 50 3 2 1.47 10 5.15 1.51 10 2.52 1.55 10 0.35
M 100 25 1 3 0.33 10 9.45 0.33 10 5.58 0.35 10 0.93
M 100 25 2 3 0.62 10 8.01 0.62 10 4.74 0.57 10 0.95
M 100 25 3 3 0.77 10 8.47 0.73 10 5.07 0.73 10 0.97
L 200 50 1 3 0.61 10 8.55 0.61 10 5.26 0.61 10 0.62
L 200 50 2 3 0.99 10 7.87 1.02 10 4.36 0.95 10 0.62
L 200 50 3 3 1.03 10 7.91 1.03 10 5.04 1.03 10 0.75
M 100 25 1 4 0.32 10 12.49 0.27 10 8.34 0.31 10 1.48
M 100 25 2 4 0.49 10 9.70 0.51 10 7.13 0.46 10 1.71
M 100 25 3 4 0.71 10 10.23 0.63 10 7.05 0.58 10 1.79
L 200 50 1 4 0.52 10 11.50 0.53 10 7.53 0.50 10 0.78
L 200 50 2 4 0.85 10 9.73 0.83 10 6.78 0.79 10 1.08
L 200 50 3 4 0.86 10 10.50 0.85 10 7.67 0.84 10 1.11
M 100 25 1 5 0.28 10 13.60 0.30 10 11.04 0.22 10 2.12
M 100 25 2 5 0.48 10 12.41 0.42 10 9.77 0.45 10 1.97
M 100 25 3 5 0.59 10 12.94 0.49 10 9.53 0.49 10 2.54
L 200 50 1 5 0.47 10 13.38 0.49 10 10.28 0.45 10 1.31
L 200 50 2 5 0.72 10 11.79 0.69 10 8.13 0.71 10 1.54
L 200 50 3 5 0.71 10 11.89 0.72 10 9.74 0.73 10 1.65
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scheduling instances are solved to optimality, and the computational times are (almost)
negligible. Even if all possible intervals are taken into consideration (i.e., 4 = 1) and we
apply interval scheduling as an exact approach, the average CPU time for the instances
from data set M is under 1.4 seconds and for instances from data set L (i.e., |J| = 200
and |D| = |O| = 50) under 3 seconds.

While the computational times are rather short for all three approaches, the smoothed
approach has the lowest optimality gap for all values of p. The random approach is
dominated by both competitors, as they are able to prevent the generation of identical
intervals, while the semi-random approach is somewhere in the middle. Recall that the
semi-random approach with p = 1 is an exact algorithm and provides the same (i.e.,
optimal) results as the smoothed approach. When the value of p increases, however,
the semi-random approach converges to the random approach, due to the random choice

within the larger sub-intervals.

Figure B.2 highlights the decrease of solution quality and computational time (i.e., MIP
generation and solution time) for ITWS-DC-I instances when the value of  rises. Ag-
gregated results yield a similar picture for both data sets. They suggest approximately
a linearly rising curve of optimality gaps and an exponentially falling curve of computa-

tional times for all three approaches.
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Figure B.2.: Influence of solution space reduction level p on the solution quality (ITWS-
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Table B.8 presents the numerical results of the ITWS-CD-I problem instances represent-
ing the cross-docking context. Here, not in all cases an optimal solution is found, which
is why we can not compute the optimality gaps. Instead, we report the gap to the best
found solution (i.e. upper bound) among all 15 interval scheduling instances solving

the same original problem instance (column “gap!?”)

LBn)

and the gap to the lower bound
(column “gap , found by CPLEX in 30 minutes while applying the exact approach
(i.e., p = 1). While all generated instances from data set M (in total 450) are solved
to optimality, only for 204 out of 450 instances from data set L optimal solutions are

found.

The smoothed approach shows superior performance also in the cross-docking context.
For problem instances from the data set M (i.e., |J| = 100, |D| = 25, and |O| = 25), the
average CPU time for the exact approach is under 3 minutes. The average computational
time for the larger instances from data set L exceeds 30 minutes, because the solver
often struggles to find an optimal solution within the given time limit. Nevertheless, it
is remarkable that our exact approach still provides good solutions within the time limit

of 30 minutes, the average gap to the lower bound being under 0.2%.

Figure B.3 visualizes the impact of y on the computational time (left) and solution qual-
ity (right) for all three interval selection approaches. The two diagrams on top show
the results for the data set M and the bottom diagrams the results for the data set L.
The curves for the medium instances support the finding from the distribution center
context: computational times decrease approximately exponentially and the optimality
gaps rise approximately linearly in the value of p. The curves of the computational
times of instances from data sets L is not characterized by such a clear trend. The
computational times of the smoothed approach for the instances from data set L show a
decreasing trend with increasing p values. However, the graphs of the semi-random and
random approaches do not show such a clear trend, which can be explained by the co-
incidental effect during interval selection. In contrast, optimality gaps are characterized
by approximately rising linear curves, where the smoothed approach shows the smallest
slope. This highlights the dominance of this approach in the context of cross-docking
terminals as well. The choice of a suited u-value has to consider the trade-off between

solution quality and computational time.
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B.5. Effects of integrated planning

To benchmark whether an integrated truck and workforce scheduling leads to consid-
erable improvements over traditional planning approaches, we apply two competitors,
which both execute our two planning tasks in a successive manner. First, a workforce
planning step assigns workers to docks, so that fixed processing times for the trucks
can be derived. Only then, a separate truck scheduling approach is applied. Recall
that this methodology is the basic procedure underlying all existing truck scheduling ap-
proaches, which invariably presuppose fixed processing times. Specifically, the workforce

assignment step can lead to the following two different results:

e cqual workforce approach: If each dock receives the same number of workers, then
the processing times p; of trucks are fixed and independent of the dock assignment.
In other words, the corresponding truck scheduling problem becomes a type of
identical parallel machine scheduling problem. Note that this approach requires
the total number of available workers to be divisible by the number of inbound

W

docks, i.e., \Tll must be integer.

e dock-specific workforce approach: An alternative to the former approach is to
assign varying numbers of workers to docks. In this setting, some docks receive a
greater workforce, so that processing a truck at these (faster) docks is accelerated.
Consequently, in the latter alternative, the processing times p;, depend on the
dock ¢ at which truck j is processed. In the machine scheduling literature, this

environment is known as parallel related machine scheduling.

The MIP models for the resulting truck scheduling problems as well as the corresponding
interval scheduling approaches for both successive approaches and objectives are defined

in Appendix B.9.

In this section we compare the three alternative workforce planning approaches (equal,
dock-specific and integrated workforce approach) for different settings and scenarios.
Specifically, we explore the following managerial insights: Firstly, we investigate the per-
formance improvements of the ITWS over the traditional approaches with fixed work-
force. Moreover, for representative problem instances, we illustrate how the number
of employed workers varies over time using the three different workforce planning ap-
proaches. Finally, we observe the workforce saving potential when instead of the equal-

the dock specific- or the integrated workforce planning approach is applied.
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B.5.1. Comparison of ITWS with the non-integrated planning approaches

To compare the performance of our integrated planning approach with the two base-
line approaches applying a successive planning, we generate new problem instances and
solve each instance with all three approaches (i.e., ITWS, equal workforce and dock-
specific workforce). For each resulting instance, we reduce the ITWS instances to the

corresponding interval scheduling problem by selecting all possible execution intervals.

Problem instances are generated as described in Section B.4.1. The results from Section
B.4.3 have shown that the instances from data set M (i.e., with parameters |J| = 100,
|D| = 25, and |O] = 25) can be solved optimally by interval scheduling in reasonable
time. Thus, we generate medium sized instances with ., = 2. Moreover, our instances
vary in the size |W| of the available workforce. Recall that the equal workforce approach
is applicable only if |W] is divisible by |D| without remainder. To apply all three

approaches we, thus, generate instances for two scenarios: % =1, (ie., |W| = 25),

dubbed the scarce workforce scenario and % = 2 (i.e., |IW| = 50), dubbed the plentiful
workforce scenario. In the former case, we have the same number of workers than docks,
so that our integrated approach can only utilize the maneuvering time at the docks where
no worker is momentarily required to gather more than a single worker at another dock
in the meanwhile. Both successive approaches can only fixedly assign one worker per
dock. In the plentiful workforce scenario, the equal workforce approach fixedly assigns
two workers per dock, whereas the other two approaches have additional flexibility. Note
that % > 3 (i.e., |W]| > 75) makes workforce scheduling trivial, because more than three
workers per dock cannot increase the processing speed anyway. When benchmarking
all three planning approaches, we also investigate the impact of acceleration effect s
on the performance by varying « € {1,1.25,1.5,1.75,2}. Recall that a larger x value
represents additional obstruction among workers and, thus, a smaller acceleration of
truck processing with multiple workers. For each resulting parameter combination, we
have generated 10 problem instances using our instance generator defined in Section
B.4.1. Each of the resulting 100 instances is solved by our three planning approaches in

both problem settings (distribution center and cross-docking context) as follows:

e Our integrated planning approach solves truck scheduling and workforce assign-

ment simultaneously by solving the respective exact version of interval scheduling.

e The equal workforce approach, first, plans the workforce by assigning the same

number of % workers per dock. Then, truck scheduling for the given workforce
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and the resulting processing times is solved by the exact versions of the interval
scheduling approaches.

e The dock-specific planning approach fixes a varying number of workers per dock
first. In our experiment, we emulate this by assigning workers to docks so that
the central doors, which in an I-shaped cross-dock can be assumed to be the most
critical, receive more and the extreme doors receive fewer workers. Specifically, we
assign three workers to each of the % central doors, one worker to each of the %
doors at each end of the I-shaped facility, and two workers to each of the remaining
doors. Note that experiments with alternative worker assignment schemes have not
led to any noteworthy improvement. This assignment results in dock-dependent
processing times of trucks and the resulting truck scheduling problems are solved

by applying the exact versions of the interval scheduling approaches.
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Figure B.4.: Comparison of fixed workforce assignment approach with integrated plan-
ning

The results of our experiment are depicted in Figure B.4. Here, we record the relative
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gaps of the two successive planning approaches in relation to the solution value of our
integrated planning approach depending on the value of . Specifically, the relative gaps
are calculated by (F* — FITWS) /FITWS "where F* and F'TWS denote the objective values
obtained by the respective successive planning approach and by our integrated truck
and workforce scheduling, respectively. The upper two diagrams of Figure B.4 depict
the results of the comparison in the distribution center context and the lower two in the
cross-docking context. Furthermore, we differentiate between a scarce workforce (left
two diagrams) and a plentiful workforce (right two diagrams). The following conclusions

can be drawn from these results:

e Impact of k: The results clearly indicate that the performance gains of an inte-
grated truck and workforce scheduling heavily depend on the obstructions of the
workers among each other. For x = 1, we have a linear increase of the work-
ing speed with every additional worker, so that an integrated planning enables a
considerably more efficient truck processing. According to our observations in real-
world facilities, rather unobstructed collaboration is often possible if two workers
unload parcels on the left- and right-hand side of a telescope conveyor pulled di-
rectly into the trailer. With three workers unloading parcels or if pallet jacks or
forklifts are applied to unload pallets, obstruction is unavoidable, so that x > 1
holds. In these cases, the performance gains of an integrated planning are less

distinct.

e Impact of workforce size: Larger performance gains of an integrated planning ap-
proach are realized if the workforce is rather scarce. Recall that in the scarce
workforce scenario the number of workers is equal to the number of inbound gates.
Counsequently, both successive planning approaches lead to identical results. Our
holistic planning approach allows to gather more than a single worker at docks.
This is less effective if the workforce is plentiful to begin with due to the subadditive

performance increase of more than two workers at a dock.

e Impact of objective: In the scarce workforce scenario, the performance loss of both
successive planning approaches compared to our holistic planning approach is on
about the same level for the distribution center (DC) and the cross-docking (CD)
setting. We recall that the values of these two objectives are measured in different
units (flow time for ITWS-DC and number/weight of delayed shipments for ITWS-
CD), which for the corresponding terminals can be associated with different costs.

Hence, cost savings cannot be directly inferred from the optimality gaps. In the

56



Chapter B. Inbound truck scheduling

plentiful workforce scenario, the dock-specific workforce approach leads to some
faster docks, where multiple workers are applied, and other slower docks, where
only a single worker unloads trailers. In the distribution center setting, time-
critical trucks can deliberately be assigned to faster docks whereas less urgent
trucks can be unloaded at slower docks. In this way, the dock-specific workforce
approach is nearly as efficient as our integrated truck and workforce scheduling
in avoiding waiting times of trucks. In the cross-docking context, this additional
flexibility can no longer be exploited by the dock-specific workforce approach. To
not miss departing outbound trucks, it is no longer sufficient to assign urgent
trucks to faster docks. These faster docks also have to be close to the outbound
dock of the outgoing truck. Apparently, this effect can be so distinct that the dock-
specific workforce approach is actually no longer clearly superior to equal-workforce

approach.

These results emphasize that the right planning approach has to be selected with great
care. A holistic approach planning the workforce assignment and truck scheduling jointly
may lead to considerable performance gains of about 20% (few worker obstruction among
a small workforce), but the additional planning complexity may also lead to nearly no
benefit (a lot of obstruction among plenty of workers). Moreover, the dock-specific
successive planning approach can nearly be as efficient as our holistic planning approach
(plenty workforce in the distribution center context), but can also be outperformed by

the classic equal-workforce approach (plenty workforce in the cross-docking context).

To get a better idea of how effectively the three alternative workforce planning ap-
proaches utilize the given workforce |WW|, we observe the distribution of employed work-
ers over time. Figure B.5 depicts the total number of occupied workers for each period
of the planning horizon using the three alternative workforce scheduling approaches. For
each setting and scenario, we select a representative problem instance from the previous
experiment and depict the distribution of utilized workforce over time. In all cases, the
workforce utilization rate slightly varies over time, but it is still most effective when the
integrated approach is applied. In case of the scarce workforce scenario, where the given
workforce is a critical resource, almost always (apart from the beginning and the end of
the active phase) nearly 100% of the workforce is utilized by the integrated approach
(see both left-hand graphics of Figure B.5). This result no longer holds for the plentiful
workforce scenario. Here, the number of busy workers varies too much over time (see
both right-hand graphics of Figure B.5). A plentiful workforce allows shorter service

times, and for the given truck arrivals, often many workers are superfluous. In practice,
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Figure B.5.: Distribution of utilized workforce size over the planning horizon

the proper size of the given workforce clearly depends on the truck arrival frequency and
the desired service level. To investigate the trade-off between the workforce size and the

truck scheduling performance, we set up an additional experiment.

Recall that the trade-off between the two conflicting objectives of truck scheduling and
workforce planning is resolved by assuming a given workforce size and optimizing the
truck schedules for a given fixed |W| (see Section B.2). However, for many practical
cases, it is also interesting to explore the minimal workforce size |W’| necessary for
achieving some predefined truck scheduling performance. In this context, we make a
further comparison between our new approaches with workforce dependent processing
times (i.e., our holistic approach ITWS and dock-specific) and the classic approach
assuming fixed processing times (i.e., equal workforce). For this we generate 10 new
instances for each of both problem settings with fixed parameters: |J| = 100, |D| = 25,

|O| = 25, and k = 1.25. Each instance is solved as follows:

e First, the problem is solved by the benchmark approach (i.e., equal workforce)
with the fixed workforce size |WW| = 50. The optimal value of objective function

. )
Ey . chmare 18 then recorded.

e Subsequently, we look for the minimal number of workers |W'|* that allows the

holistic approach ITWS to reach at least as good a truck scheduling performance
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as the benchmark approach does. For this we iteratively solve the problem with
varying |W’| via binary search for |W’| € {1,...,|W|}. The search terminates when
a value ’W/‘* is found where F;TWS(|W/’*) < Fl;kenchmark and FI*TWS(’W/‘* - 1) >

*
benchmark*

e Finally, the same search procedure is executed for the dock-specific approach.
Recall from our previous tests that the dock-specific approach with |W| =
must not necessarily lead to a performance increase compared with equal workforce
approach with the same workforce size (especially in the cross-docking context, see

the lower graphic of Figure B.4). The binary search procedure is only started, if

* 1 *
Fdock speczfzc( ’ w ‘ - 50) < Fbenchmark
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Figure B.6.: Resulting workforce sizes of all three planning approaches for a given per-
formance of truck processing

Figure B.6 visualizes the results for all 10 instances in both the distribution center
(DC) as well as the cross-docking (CD) settings. In the distribution center context,
both holistic planning approach ITWS and the dock-specific workforce approach enable
making significantly better use of the workforce. By applying ITWS, on average, less
than 32 workers can match the performance of 50 workers who are equally distributed
among the docks. This corresponds to a reduction of the workforce by 36%. The dock-
specific approach saves about 12% of workers on average. In the cross-docking context,

ITWS allows decreasing the number of workers to ca. 29 workers on average, which
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corresponds to a workforce reduction by 42%. For the dock-specific approach, only for
the 4 out of 10 instances a tiny decrease of workers is possible; otherwise, the performance

is not better than that of the equal workforce approach.

Relating these results to the situation of a typical German car manufacturer stresses
the great potential gains of our integrated truck scheduling and workforce planning.
According to our discussions with automotive managers, |D| = 25 docks for unloading
trucks operated by |W| = 50 forklift drivers and an obstruction factor of k = 1.25 are
seen as representative values for a typical mid-sized automotive factory. Given the yearly
costs of approximately 250.000 euro per forklift driver these managers calculate with,
savings of multiple millions of personnel costs are promised by integrating a workforce
planning into the yard management software (e.g., INFORM, 2019) most factories apply

anyway.

B.6. Conclusion

This chapter investigates the integrated truck and workforce scheduling problem (ITWS),
which does not consider the trucks’ processing times at the dock doors as fixed but as
dependent on the number of assigned logistics workers. We formalize the problem for
two representative settings: for distribution centers where unloaded goods are stored in
the terminal at least for some time, and for cross-docking environments where goods
need to be moved to outbound trucks quickly. For each setting, we develop a mixed-
integer program and prove the complexity status of the problem. For efficiently solving
larger instances we transform both versions of ITWS to interval scheduling problems,
which allow us to flexibly handle the trade-off between computational time and solution
quality by reducing the solution space to the desired level. We develop three approaches

for selecting intervals in a heuristic manner.

Our experimental results indicate that for both ITWS versions, the interval scheduling
formulation clearly outperforms its original MIP counterpart. Among the three proposed
interval selection approaches, the smoothed approach shows superior performance and
delivers near-optimal results in short time even for the most difficult instances in our
testbed.

From a managerial perspective, integrating truck and workforce scheduling as proposed

in this paper is shown to either substantially improve flow times and ease transship-
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ment, if the same workforce is applied compared to a successive planning approach.
Alternatively, the same unloading performance can be reached by our holistic planning
approach with a considerably smaller workforce. An integrated planning is especially
valuable whenever the terminal workforce is comparatively scarce and additional workers

can significantly speed up truck processing without obstructing each other.

Future research could integrate sequence-dependent walking times of logistics workers
into the models, so that the time for changing docks is considered in more detail. Fur-
thermore, the integration of outbound operations may be a valid task for future research.
In some cross-docking settings, outbound trucks depart not according to a predefined
schedule, but once all dedicated shipments are loaded (see Boysen, 2010). It would
be interesting to see whether the considerable gains of an integrated planning approach

identified within our problem settings can also be realized there.

Appendix

B.7. An example problem

Consider an example problem with |J| = 2 inbound trucks, unloading modes K; = {1, 2}
and Ky = {1,2,3}, respectively, to be processed at |D| = 2 inbound gates and the
available workforce size of |WW| = 3 workers. The arrival times r;, deadlines 3j, and the
duration of the four processing steps a;, 5;,7;, and d; of each truck can be found in
Figure B.7(a). Processing times p;;, of truck j in unloading mode k € Kj are given in
Figure B.7(b).

iorg dj ey By 8 pjk 12 3 $jo 12 Ygo 1 2
1 0 16 1 2 2 1 1 10 8 - 1 1 4 1 2 3
2 17 1 3 2 1 2 13 11 10 2 5 2 2 3 2
(a) time windows and duration of (b) processing times (c) weights of  (d) transfer
processing steps shipments times
between
doors

Figure B.7.: Input data for the example problem.

For this problem, the optimal solution with regard to objective (B.1) is to assign truck

1 to gate 1 to be completed in period 8, unloaded by two workers, and assign truck
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2 to gate 2 with completion time 14 and unloading mode 2. This leads to flow times
C1—a; = 8 and U2 —ay = 12 and hence to a total objective value of . ;(Cj—r;) = 20.
This schedule is depicted as a Gantt chart in Figure B.8(a).

To extend this problem for the cross-docking environment, we further consider a set of
outbound trucks O = {1,2} with departure times d; = 14 and dy = 20. The outbound
truck’s related data — the weight ®;, of a shipment delivered by inbound truck j dedicated
to outbound truck o and the transfer time ¢4, for moving goods from dock g to outbound
truck o — are summarized in Tables B.7(c) and B.7(d), respectively. Using objective
(B.14), the optimal solution is depicted in Figure B.8(b), implying the following total
delayed shipments of the inbound trucks: Zoeo ®1, - 210 = 1 and Zoeo Do, - 29, = 2.
Thus, the objective value is ZjeJ Y oco Pjo * Zjo = 3.

door door
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(a) Gantt Chart for ITWS in the distribution (b) Gantt Chart for ITWS in the cross-docking
center context context

Figure B.8.: Optimal schedules for two different objective for example data
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B.8. Interval selection

The interval selection for truck 2 from the example from Appendix B.7 for the three ap-

proaches (random, semi-random and smoothed) and three different value of p € {1,2,3}

are illustrated in Figures B.9, B.10 and B.11, respectively.
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Figure B.9.: Selected intervals by random approach for different values of u.
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Figure B.10.: Selected intervals by semi-random approach for different values of p.
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Figure B.11.: Selected intervals by smoothed approach for different values of p.
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B.9. MIPs for the benchmark problems with fixed workforce

The MIP model for the equal workforce approach in the distribution center context
consists of objective function (B.1) and constraints (B.6) - (B.12). In the cross-docking
context, the corresponding MIP consists of objective function (B.14) and constraints
(B.15) - (B.21).

The interval scheduling formulation in the distribution center context consists of objec-
tive function (B.23) subject to constraints (B.24), (B.26), and (B.27). For the cross-
docking setting, interval scheduling formulation consists of objective function (B.29)
subject to constraints (B.30), (B.32), and (B.33).

A dock-specific workforce assignment leads to fixed processing times p;, for each truck j
at dock g. The resulting truck scheduling MIP model for the distribution center context
consists of objective function (B.1) subject to constraints (B.10), (B.11), (B.15) - (B.18),
(B.20) and (B.34). For the cross-docking setting the corresponding MIP consists of
objective function (B.14) subject to constraints (B.10), (B.11), (B.15) - (B.18), (B.20),
and (B.34).

Cj>Ci+pjg—M-(1-zf;) VjeJyie JUu{0};9€D (B.34)

For the interval scheduling, sets M, of dock-specific intervals have to be defined, because,
now, the intervals resulting from a specific number of workers can only be executed at
a dock where the respective number of workers is actually available. The corresponding
weights of the intervals in the distribution center context can be computed with Equation
(B.35) and in the cross-docking context with (B.36).

UNijg = ijg —Tj Vjed,ge D;me Mjg- (B.35)

1 i Cimg + wg0 > do
Gjmg = D bjo- e 7o VjeJ;geD;me M, (B.36)
0cO 0 otherwise,

The resulting interval scheduling model consists of objective function (B.37) subject to
constraints (B.38) - (B.40).

In the cross-docking setting, the interval scheduling approach consists of objective func-
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Minimize F(X) =3 3" 3" Wjmg * Tjmg

je€J geD meM;,
subject to

YY) wimg=1 VjelJ

geD meM;,

Z Z bimgt * Tjmg < 1 Vt=1,...,T,9g€ D
jEJmGMjg

Tjmg € {0,1}  Vje J; g€ D;me M,
tion (B.41) subject to constraints (B.38) - (B.40).

Minimize F(X) =YY" Y Wjmg - Tjmg

jeJ geD meM;,
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Chapter C.
Outbound truck scheduling*

Abstract: This chapter addresses the operational planning problem of loading and
scheduling outbound trucks at a dispatch warehouse shipping goods to several customers.
The problem consists of, first, assigning shipments to different outbound trucks consid-
ering the trailers’ capacities and, second, scheduling the trucks’ processing at the dock
doors such that the amount of required resources at the terminal (e.g., dock doors and
logistics workers) does not exceed the available levels. The trucks should be sched-
uled as late as possible within their time windows. Such planning problems arise, e.g.,
at dispatch warehouses of automotive parts manufacturers supplying parts to original
equipment manufacturers (OEMs) in a just-in-time or even just-in-sequence manner. We
formalize this operational problem and provide two mixed-integer linear programming
models. Moreover, we develop an exact branch-and-price algorithm, which is shown to
perform very well, solving most realistically sized problem instances to proven optimality
within a few minutes. In a numerical study, we find evidence that too small a workforce
in the dispatch warehouse can substantially compromise the punctuality of the deliv-
eries. Finally, we also look into the interplay between time window management and

just-in-time deliveries.

“This chapter is based on working paper Tadumadze, G., Emde, S. (2020): Loading and scheduling
outbound trucks at a dispatch warehouse. Working Paper TU Darmstadt.
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C.1. Introduction

Many manufacturing companies are nowadays part of just-in-time supply chains. This
requires, on the one hand, that production programs and distribution networks must
be planned such that parts and sub-assemblies are ready to be shipped as on-time as
possible (e.g., Erengiic et al., 1999, Li et al., 2006). On the other hand, on an operational
level, it must also be ensured that finished goods are loaded quickly and punctually onto
outbound trucks at the loading dock of the dispatch warehouse of the manufacturing

plant. This latter aspect has received little attention in the literature so far.

This research is inspired by the dispatch of goods that we observed at a manufacturer
of trailer couplings for trucks and utility vehicles. However, our approaches can be also
be applied at other cargo handling facilities, like cross-docks in a many-to-few network
configuration (Buijs et al., 2014). Most of these couplings are shipped batch-wise to
original equipment manufacturers (OEM) to be used in their production processes. The
company ships orders just-in-time or even just-in-sequence, depending on the OEM’s
needs. Consequently, parts should be dispatched as late as possible but not past their

deadline, because otherwise, steep contractual penalties apply.

Orders are usually produced several days in advance and then stored in a dispatch
warehouse. Through their online time window management system, the company has
some degree of control over when trucks bound for specific destinations arrive to be
loaded. The company is also solely responsible for actually loading the trucks and
deciding what goes on them. When loading palletized orders onto trucks, the limited
carrying capacity of the trailer must be considered. Moreover, since the number of dock
doors is limited, and trucks cannot be asked to dock indefinitely, the loading process must
be executed in a speedy manner. Dispatching an order entails fetching the corresponding
parts from storage, possibly sorting, packaging, and labeling them (in case of just-in-
sequence shipments) and loading them onto the truck. Depending on the size of the
order, this may require multiple workers, the total supply of which is limited. The

dispatch area is schematically depicted in Figure C.1.

In this context, we solve the following problem, which we dub the outbound truck schedul-
ing and loading problem (OTSLP). Given a set of trucks with varying capacities and
earliest and latest departure times, and a set of items with varying sizes, which item
should be loaded onto which truck, and when should each truck’s departure be sched-

uled? Loading items takes manpower, of which only a limited quantity is available;
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therefore, care must be taken when multiple items are loaded onto trucks concurrently.
Moreover, items have given deadlines by which they must be dispatched. Items may be
dispatched early, but the earliness is penalized as it violates the just-in-time principle
and may entail contractual penalties (demurrages) or loss of goodwill. The goal is to

minimize the total weighted earliness.
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dispatch warehouse staging area
Figure C.1.: Schematic depiction of the dispatch area.

The contribution of this paper is as follows. We present the novel problem of planning
the loading and scheduling of outbound trucks at a dispatch warehouse. To the best of
our knowledge, this problem has not yet been addressed in the literature. We formalize
the problem and provide two different mixed-integer linear programming models. More-
over, we develop an exact branch-and-price algorithm, which is shown to solve realistic
instances in an acceptable time, far outperforming a default solver. Finally, we derive
some managerial insights into the optimal operation of a dispatch area, in particular,
the connection between the logistics workforce and punctuality of deliveries, and the use

of effective time window management.

The remainder of this paper is organized as follows. In Section C.2, we review the
literature. Section C.3 formally defines the problem and provides two mixed-integer
linear programming models. An exact branch-and-price scheme is presented in Section

C.4, which is tested in a computational study (Section C.5). Section C.6 concludes the
paper.
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C.2. Literature review

For a general overview of part delivery in (just-in-time) supply chains, we refer to survey
papers on decision problems integrating outbound distribution into production processes
and on part logistics in the automotive industry provided by Chen (2010) and Boysen
et al. (2015), respectively. Furthermore, the spatial structure of (JIT)-based logistics
for the distribution of automotive parts is elucidated by Kaneko and Nojiri (2008). The
latter study is focused on the Japanese automotive industry, but we can expect similar

networks in just-in-time supply chains all over the world.

Most existing research about just-in-time part logistics deals with routing problems of
trucks from a single / multiple suppliers to a single / multiple receivers in a point-
to-point network (e.g., Emde and Zehtabian, 2019, Gschwind et al., 2020), a milk-run
system (e.g., Sadjadi et al., 2009) or a cross-docking system (e.g., Li et al., 2004, Buijs
et al., 2016). Fliedner et al. (2016) investigate a vehicle scheduling problem between
a single supplier and a receiver under the warehouse-on-wheels policy, where a truck
also serves as a movable warehouse since it remains docked at the door of the OEM
plant until all delivered parts are demanded at the assembly line. Hence, although the
general setting of their problem is similar to ours, their problem structure is completely
different. Another related work, dealing with the problem of delivering different types
of parts from suppliers to an automotive assembly plant, is provided by Wang and
Chen (2019). However, their problem is from the viewpoint of the OEM and deals with
delivering parts from several suppliers (located close to each other in a supplier park)
to a single OEM plant, whereas we observe the problem from the viewpoint of a part
manufacturer supplying components to several OEMs. Thus, again, the structure of the

derived models completely differs from ours.

A baseline problem of ours is the one discussed in Boysen et al. (2016). Their problem
consists of two decisions: one, assigning a set of orders (to be delivered from a single
supplier to a single receiver in a JIT manner) to outbound trucks such that the trucks’
capacity is not violated and, two, deciding the departure time of trucks so that no item
misses its deadline. The authors investigate two versions of the planning problem, which
mainly differ with regard to their objective functions. In the first version of the problem
(dubbed min#D), the number of trucks is minimized, while in the second problem
version (min ) Ej), the aim is to minimize total earliness of the items for a given truck

fleet. Another work dealing with the scheduling of outbound trucks for just-in-time
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delivery from a single supplier (i.e., cross-docking terminal) to a single customer (i.e.,
OEM plant) is provided by Schwerdfeger et al. (2018). Minimizing the number of trucks
while allowing the same trucks to sequentially execute multiple tours, their model can be
seen as a generalization of the first model variant of Boysen et al. (2016) (i.e., min#D),
while our model is a generalization of the second model variant min ) E;. Specifically,
our model allows orders with different earliness costs to be shipped from a single supplier
to several (instead of one) customers. Further, our model considers the truck scheduling
problem at the terminal in more detail: we take the trucks’ time windows into account
and take care that the required resources (i.e., dock doors and logistics workers) do not

exceed the available limits.

Limited resources at a truck terminal are also considered by Tadumadze et al. (2019).
They provide two variants of the integrated truck and workforce scheduling (ITWS)
problem and also take the available workforce and dock door limits into account. How-
ever, the authors observe inbound operations (i.e., unloading of incoming trucks), while
we deal with the outbound operations. Thus, their problem does not contain the item
assignment component. Moreover, both of their objectives (> F; and ) w;U;) differ
from ours (Y w;E;). This way, our outbound truck scheduling and loading problem can
be seen as a combination of the min ) E; problem variant observed by Boysen et al.
(2016) and the ITWS problem provided by Tadumadze et al. (2019), which, to the best

of our knowledge, has not been considered in the literature yet.

C.3. Problem description

We formally describe the OTSLP and discuss model assumptions in Sections C.3.1 and
C.3.2, respectively. An illustrative example of an OTSLP instance is presented in Section
C.3.3. To enable the use of default solvers and as a foundation for our branch-and-
price approach, we propose three alternative mixed-integer linear programming models
(MILP) in Section C.3.4.

C.3.1. Formal problem description
Let B = {1,...,n} be the set of trucks onto which items I = {1,...,m} are to be loaded

at D € Z™ loading docks. In this context, an “item” may be an entire shipment or order

bound for a specific customer consisting of one or multiple pallets of individual SKUs.
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Since trucks may be bound for different destinations, an item ¢ € I can only be loaded
onto the trucks in set B; C B. An item i takes up w; € Z' units of space on a truck,
and it cannot leave the facility later than deadline d; € Z". Early departure before the
deadline is possible, but penalized by a factor of ; € Z™ per time unit of earliness. Each
truck j is associated with a capacity ¢; € Z", depending on the truck type (e.g., 20t vs.
40t). We assume that the required space units of the orders and carrying capacities of
the trucks are measured one-dimensionally. At the manufacturer of truck couplings we
visited, ordered couplings are first packed batch-wise onto standardized pallets, of which
only a limited quantity can be loaded into a trailer; hence space is almost always the

only limiting factor of truck capacity.

Truck arrivals can be scheduled by the warehouse operator within certain limits, i.e., the
earliest departure time of truck j is a; € Z™ and the latest is b; € Z*. However, once a
truck is scheduled in a fixed time window, it is docked for exactly p; € Z* time units; this
is the time that the trailer is effectively docked at one of the D € Z™ loading docks of the
terminal and actual loading work is being done. Since keeping trailers for longer than the
agreed-upon processing time at the dock may entail demurrages, it is avoided. Moving
item 4 from storage onto a truck uses up ¢; € Z"* units of a renewable resource during
the processing time p;. Resources may be such things as industrial trucks or forklifts;
at the facility we visited, the bottleneck resource is the workforce. Hence, ¢; denotes
the number of workers necessary to load item i. Since shipments need to be retrieved
from storage, labeled, and sometimes sorted (just-in-sequence), several employees may
be engaged with readying just one order. The maximum number of workers available at

any moment is given as Q € Z™.

A schedule consists of a set .S of tuples (4, j), denoting that item ¢ € [ is assigned to truck
j € By, and a vector (t1,...,%,), such that t; € [a;,b;] is the departure time of truck
j € B. Note that this implies that truck j is docked during the interval [t; — p; + 1,;].

We say that a schedule is feasible if and only if it satisfies the following conditions.

e Each item is assigned to exactly one truck, i.e., for each ¢ € I, there is exactly one
tuple (i,7) € S.

No item misses its deadline, i.e., for each tuple (i, ) € S, it holds that d; > {;.

No truck is overloaded, i.e., for each truck j € B, it holds that >  ;c5. w; < cj.
(4,4)€S

At no time are more resources used than are available. Let B(7) C B be the set of
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trucks which are being processed at time 7, i.e., B(1) = {j € B | {; > 7 > t; —p;}.
Then, for each point in time 7 € {t1,..., %0}, D (i j)es: ¢ < Q must hold.
jEB(r)
e Similarly, at no time the number of docked trucks can exceed the total number of
available docks D, i.e., for each 7 € {fy,...,t,}, |B(7)| < D must hold.

At the supplier plant we visited, most items are to be shipped just-in-time or even just-in-
sequence. Ideally, items should be shipped no sooner than when they come due because
otherwise, they have to be stored on the truck or at the OEM’s plant, which is only
possible to a very limited extent and may entail contractual penalties for the supplier.
Consequently, we consider a schedule optimal if it minimizes the total weighted earliness
of all items, i.e.,

Z ri - (di —tj). (C.1)

(i,5)eS

Note that the relative importance of item r; may express the urgency of sticking to the
desired deadline as closely as possible. E.g., just-in-time and especially just-in-sequence

items may have great weight, whereas other items may receive a lower weight.

As for computational complexity, OTSLP is clearly an NP-hard problem. Even if all
weights r; are zero, all deadlines and time windows are non-binding (d; = oo, Vi € I,
a; = 0,b; = o0, Vj € B), and resources are plentiful (D = @ = c0), merely assigning
items to trucks such that their capacity is not exceeded is tantamount to solving a
variable-sized bin packing problem, which is well-known to be strongly NP-hard (Friesen

and Langston, 1986). This observation leads to the following proposition.

Proposition C.1. Deciding the feasibility of OTSLP is NP-hard in the strong sense.

C.3.2. Model assumptions

Like many other models, our model is based on some simplifying assumptions, which we

discuss below:

; Barhest and latest departure times (a; an i) for each truck j € as well as the
(A1): Earli dl dep imes (a; and b;) f h truck j € B 11 as th

duration of its docking time p; are deterministically known.

Nowadays, many truck terminals apply an online time window management system al-
lowing logistics providers to book a desired processing time window beforehand (Karaenke

et al., 2019). This way, the data about truck arrival and departure times can be au-
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tomatically transferred to the yard management information system. Furthermore, in
many practical applications, the docking time for each truck is predefined according to
its size (i.e., the bigger the trailer, the longer the docking time). Note that the consid-
eration of given time windows and fixed docking (or processing) times of the trucks is a

widely used setting in the truck scheduling literature (Boysen and Fliedner, 2010).

(A2): We calculate the earliness of an order as the difference between its deadline and

the completion time of the respective truck’s docking.

This presupposes that the item deadlines d; already include (deterministic) transporta-
tion times between the shipping warehouse and the receiving manufacturing plants. In
the real world, the exact transportation time may depend on many factors, such as dis-
tance, traffic situation, specific vehicle route, etc., all of which are out of the scope of
our work. This simplification seems pardonable, especially in the automotive industry,
where dispatch warehouses inside the JIT corridor imply short distances and, thus, lead

to predictable transportation times (Boysen et al., 2016, Schwerdfeger et al., 2018).

Note that if a truck is released early, the delivery may still arrive at the OEM on-time
(i.e., not early) if the truck simply waits on a parking lot in the meantime. However,
this merely shifts the problem of earliness to the logistics provider, leading to poor truck
utilization. Clearly, for the JIT supply chain as a whole to work well, items should be

moved from stage to stage (i.e., from supplier to OEM in this case) as late as possible.

(A3): The available resource limits for loading operations (i.e., dock doors and logistics

workers) are assumed to be given and fixed.

Assuming given resource limits for the loading operations implies that inbound and
outbound operations are planned separately, and certain numbers of outbound doors and
workers are reserved exclusively for the outbound operations. Note that both practical
and academic applications of truck scheduling often consider inbound and outbound

operations to be separated (Ladier and Alpan, 2016, Boysen and Fliedner, 2010).

(A4): The workers assigned to load a truck are bound to the truck during its whole

docking time and afterwards can switch to another truck instantaneously.

This simplifies staff scheduling significantly, since the work content does not need to be
broken down into individual tasks and walking times between doors for specific workers,
but carries the risk that some workers are still considered busy loading a truck even

though they are actually already done with their particular task. While drawing up
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specific schedules for each worker would undoubtedly be a worthwhile endeavor, it would
create additional practical problems such as forecasting ahead of time exactly how many
minutes each individual process step for preparing a specific order will take. Given
the relatively short walking distances in the dispatch area that we visited, we decided
against such a fine-grained modeling approach. Note that after solving OTSLP (i.e.,
determining the item assignment and departure time for each truck), the problem of
assigning specific loading tasks to each individual worker, accounting for the sequence-
dependent setup (walking) times, can be reduced to finding a perfect matching in a

bipartite graph that can be solved in polynomial time (Tadumadze et al., 2020a).
(A5): We assume that all parameters have integer values.

Note that this can always be imposed by scaling any real-valued parameters to integer
values to arbitrary precision. E.g., if the docking time of some truck is “0.5 hours”, we
can redefine a time unit to correspond to half an hour and adjust all other time-related

parameters accordingly.

C.3.3. Example of a schedule

Consider an example problem instance with m = 6 items to be loaded onto n = 3 trucks
at D = 2 doors by Q = 5 logistics workers. The item related parameters (required space
w;, deadline d;, penalty cost per time unit of earliness r;, required workforce ¢;, and set
of available trucks B; for each item ¢ € I) are presented in Table C.1(a). The truck
related parameters (processing time p;, capacity of trailer c¢;, as well as the earliest a;
and latest possible departure date b; of each truck j € B) are listed in Table C.1(b).

i 1 2 3 4 ) 6
w; 4 5 3 76 3 ;12 3
d; 9 3 5) 6 6 10 Cj 8§ 10 12
T 4 11 1 12 7 2 Dj 2 4 3
qi 2 1 1 2 1 3 a; 4 5 3
(a) Item characteristics (b) Truck characteris-
tics

Table C.1.: Input data for the example problem.
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Figure C.2.: Optimal solution of example problem.

For this problem instance, the optimal solution consists of tuples

5 ={(1,1),(2,3),(3,2),(4,2),(5,3),(6,1)}

and vector t*; = (9,5,3). This means that the first truck (j = 1) transports items 1 and
6 and departs from the terminal in period 9, the second truck (j = 2) with departure
time 5 transports items 3 and 4, and items 2 and 5 are loaded onto the third truck
(j = 3) which departs in period 3. This schedule causes earliness of items 4, 5 and 6,
namely e = 1, e5 = 3 and eg = 1 (and e; = e = e3 = 0). The total weighted earliness
is (4+11+1)-0+12-147-3+42-1 = 35. The optimal truckloads and departure times
for each truck j € {1,2,3} are depicted in Figure C.2(a), while Figure C.2(b) visualizes
the required amount of resources (i.e., dock doors and logistics workers) for each period

of the planing horizon.

C.3.4. Mixed-integer linear programming models

We propose three different mixed-integer linear programming models (MILP) for the
OTSLP. In Sections C.3.4.1 and C.3.4.2, we present two alternative MILP formula-
tions, using linear ordering and discrete-time frameworks, respectively, both of which
are popular in the literature for modelling difficult scheduling problems (e.g., Baptiste
and Sadykov, 2009). Our computational experience (see Section C.5) reveals, however,
that neither of these models can be solved by a current default solver to optimality in

acceptable time for realistic instances. Therefore, we reformulate our problem as a gen-
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eralized set covering problem, which we present in Section C.3.4.3 and later use as the

basis of a column generation scheme.

C.3.4.1. Linear ordering model

Our linear ordering mixed-integer linear programming model (denoted as MILP-LO)

consists of objective function (C.2) and Constraints (C.3) - (C.12). The applied notation

is summarized in Table C.2.

o~

Set of trucks (indices 7, ;")

Set of items (index 7)

Set of available trucks for item i (B; C B)

Capacity (i.e., weight) of item

Deadline of item 1

Penalty cost per time unit of earliness for item i

Capacity of truck j

Earliest departure time of truck j

Latest departure time of truck j

Docking time (i.e, duration of loading) of truck j

Number of workers required to move item ¢ onto a truck during its docking time
Total number of available workers

Total number of available dock doors

Big integer

Binary variable: 1, if item ¢ is loaded onto truck j; 0, otherwise
Set of = variables: X = {xz;; |i € I,j € B}

Binary variable: 1, if truck j departs after truck j' has docked; 0, otherwise
Set of y variables: 9 = {y;;: | j,j’ € B}

Continuous variable: departure time of truck j; 0, otherwise
Set of t variables: T = {t; | j € B}

Continuous variable: earliness of item 1

Set of z variables: Z = {z; | i € I}

Table C.2.: Notation for the linear ordering MILP model.

Minimize F (X,,2,T) =Y r;-z (C.2)
el
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subject to

Z Tij = 1 Viel (C3)
JEB;

Z Wi * Tij < Cj V] € B (C4)

i€l:

JEB;
tjgdi—i-(l—l'ij)-M Viel,jeB; (C5)
di-xij—tj§2i+(1—xij)-M Viel,je B; (C7)
DD wy<Qt Y. D @y )M VjeBeB,BCB (C8)

JEB’ i€l JeB' j'eB’
Dowg <D+ > -y —yp) M YieljeBjeB BCB

jeB’ jEB' j'eB’
(C.9)
a; <t; <b; Vje B (C.10)
zi; € {0;1} Viel,jeB (C.11)
v € {0:1) vj,j € B (C.12)

Objective function (C.2) minimizes the total weighted earliness over all items. Con-
straints (C.3) ensure that each item i € I is loaded exactly onto one truck. Constraints
(C.4) take care that no truck j € B is overloaded. Constraints (C.5) guarantee that
no item misses its deadline, i.e., if item ¢ is loaded onto truck j (z;; = 1), then truck j
cannot depart later than d;. Constraints (C.6) set the value of decision variable y;; to
1, if truck j departs after another truck ;' has started docking. This way, for each pair
of trucks j,j' € B with overlapping processing times, y;;» + y;;; = 1 holds. Constraints
(C.7) define the earliness z; of each item i € I as the difference between its deadline d;
and the departure time of its truck ¢;. Constraints (C.8) ensure that in no period of
the time horizon, the amount of required resources exceeds the total amount of available
resources (). Similarly, Constraints (C.9) take care that at no time the number of si-
multaneously docked trucks exceeds the number of available dock doors D. Constraints
(C.10) guarantee that each truck j departs in its time window (i.e., no earlier than a;
and no later than b;). Finally, Constraints (C.11) - (C.12) define the domain of the

variables.
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C.3.4.2. Time-indexed model

The number of Constraints (C.8) and (C.9) in model MILP-LO grows exponentially with

the input size. In this section we propose an alternative discrete time model formulation

for OTSLP with a pseudo-polynomial number of variables and constraints. To construct

the model concisely, we divide the time horizon into T = {t € Z" | minjep{a;} <

t < max;cp{b;}} discrete periods. Note that since we assume that all parameters are

integer, this can be done without loss of precision.

Applying the slightly altered notation, summarized in Table C.3, the time-indexed MILP
model (denoted as MILP-T1I) consists of objective function (C.13), subject to Constraints

(C.14) - (C.21).

T  Set of time periods, index 7 € T = {r € Z" | minjep{a;} <7 < max;cp{b;}}
Z;jr Binary variable: 1, if item 7 is loaded onto truck j and leaves the warehouse in

period 7; 0, otherwise
X Set of triple-index z variables: X = {x;, |i € I,j € B, € [a;,b;]}

Table C.3.: Additional notation for the time-indexed model.

Minimize (X, 7) =YY Y i (di—7) iy

i€l jeB; T€(a;,b;]

subject to

Z Z a:ijT:I Viel

J€Bi T€la;,bs]

Z Z wi-ZL‘Z’]u,-éCj VjeB

i€l: 7€fa;,b;
JEB; [a;,;]

ti<di+(1— Y ay) M VieljeB

TE[aj,bj]]
Z T-a:ijTth—(l— Z a:ijT)-M \V/iGI,jEBZ'
T€[a;,b;] T€[a;,b;]
Z T-:El'jrétj—F(l— Z xijf)-M Viel,jeB;
’Teﬂaj,bj]] TE[[aj,bjﬂ

min{b;;7+p;—1}

ZZ Z Gi - Tijr < Q VreT

1€l jeB; 7'=max{a;;7}
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min{b;;7+p;—1}
> > Tijp < D Viel,reT (C.20)

Jj€B; 7'=max{a;;T}

Tijr € {0; 1} Viel,je B;,T¢€ ﬂaj, bjﬂ (C.Ql)

Objective function (C.13) minimizes the total weighted earliness. Constraints (C.14)
ensure that each item i € [ is assigned exactly to one truck, which can depart only in its
respective time window (i.e., no earlier than a; and no later than b;). Constraints (C.15)
keep any truck j € B from being overloaded with respect to its available capacity c;.
Constraints (C.16) - (C.18) define the value of the variable ¢;: Constraints (C.16) ensure
that no item misses its deadline, i.e., if item 7 is loaded onto truck j, then departure
time ¢; of truck j cannot be later than d;. Constraints (C.17) - (C.18) set the proper
binary variable x;;, to value 1, i.e., whose third index 7 equals the actual departure time
tj of truck j. Constraints (C.19) and (C.20) take care that in no period, the required
workforce and dock doors exceed the available amounts @ and D, respectively. Finally,

constraints (C.21) define the domain of binary variables.

C.3.4.3. Generalized set covering model

Both proposed models suffer from the presence of many difficult big M constraints,
which weaken the LP relaxation and make the use of standard branch-and-bound and
branch-and-cut methods as used by default solvers difficult. Moreover, the linear order
model MILP-LO suffers from an exponential number of constraints, while the number
of variables in the time-indexed model MILP-TT is only pseudo-polynomially bounded
in O(n - m - T), which can be too large a number to efficiently handle for practical
problem dimensions. We, therefore, reformulate OTSLP as a generalized set covering
(GSC) model, which serves as the foundation of a column generation approach, where

the variables are added to the model iteratively.

Let $7 be the set of all partial schedules which are feasible for truck j, and § = | ien SI
be the set of all partial schedules. For notational convenience, let js be the index of the
truck j € B which the partial schedule s € S7 is for. A partial schedule s € § consists of
a departure time ts € ZT, a;, <ts < bj,, of truck js, and a set of items I C I such that
Js € By and d; > tg, Vi € I, and Ziels w; < ¢j,. Binary parameter oy; indicates if item
iis in I (i.e., if item 7 is loaded onto truck js) in partial schedule s € §. Analogously,

binary parameter 74 indicates if truck js blocks resources during period t € T in partial

79



Chapter C. Outbound truck scheduling

schedule s € §. The amount of resources required during this time in partial schedule

s is encoded in parameter o, calculated as ) 1, ¢i- The total weighted earliness e of
partial schedule s € S is calculated as ) ;.; 7 - (di — t5). We define variable s € {0,1}
to denote whether (As = 1) or not (As = 0) partial schedule s € § is selected. The

notation is summarized in Table C.4.

S Set of possible departure times and item assignments for truck 7, index s € §
S Set of possible departure times and item assignments, S = |J jeB Ky
js  The truck j such that s € §7, i.e., the truck j that schedule s is for
g Binary parameter: 1, if item ¢ is loaded onto truck j, in partial schedule s € S;
0, otherwise
Ts¢  Binary parameter: 1, if truck js; is being loaded during period ¢ in partial
schedule s € §; 0, otherwise
os Integer parameter: amount of resources required to load truck j; in partial
schedule s € §
es Integer parameter: total weighted earliness of partial schedule s € §
As  Binary variable: 1, if partial schedule s € § is used; 0, otherwise
A Set of X variables: A = {)\; | s € 5}
Table C.4.: Notation for the generalized set covering model.
Minimize F(A) = A -es (C.22)
sES
subject to
d A<l Vje B (C.23)
SEST
YN aa-A >t Viel (C.24)
JEB s€87
DY o A <Q VteT (C.25)
JEB sesI
Y A<D vteT (C.26)
JEB s8I
As € {0;1} Vse s (C.27)

Objective function (C.22) minimizes the total weighted earliness over all trucks. Con-

straints (C.23) guarantee that for each truck j € B, at most one schedule s € § is

selected. Constraints (C.24) ensure that each item is assigned to a truck. Note that
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these are set covering constraints, i.e., they allow an item to be assigned more than
once. However, assigning items multiple times cannot improve the objective value. Be-
cause of this and the generally faster convergence of set covering-based algorithms, we opt
against set partitioning constraints (e.g., Feillet, 2010). Constraints (C.25) and (C.26)
make it impossible to use more resources (logistics workers and dock doors) than are

available in any period. Finally, constraints (C.27) define the domain of the variables.

C.4. Branch & Price

The number of variables in the GSC model grows exponentially with the input size. We,
therefore, use a branch-and-price scheme to add them iteratively. At each node of the
branch-and-bound tree, to obtain a lower bound, the linear relaxation of the GSC model
is solved by column generation. This is done by iteratively solving the restricted master
problem (RMP) and the pricing problem. The RMP is the LP relaxation of the GSC
model using only a subset of the variables (or columns). The pricing problem consists
of identifying variables with a negative reduced cost if any exist. These variables are
then added to the RMP, and the process is repeated until no more negative reduced cost
columns are found, at which point the RMP has been solved to optimality. Since the
RMP is only an LP relaxation, the integrality of the variables may need to be enforced

by branching.

First, in Section C.4.1 we describe how the initial columns for RMP are generated. The
pricing problem and the branching scheme are described in Sections C.4.2 and C.4.3,
respectively. Finally, in Section C.4.4, we describe some implementation details which

we use to improve the performance of the branch-and-price algorithm for OTSLP.

C.4.1. Initial column

For proper functionality of the column generation algorithm, it has to be ensured that the
RMP (i.e., the LP relaxation of the GSC model) can be solved to feasibility. Otherwise, if
no feasible solution for the RMP exists, the optimal solution cannot be found and, hence,
no proper dual pricing information can be passed to the pricing problem. By Proposition
C.1, deciding feasibility of OTSLP is already NP-hard. Therefore, we generate a dummy
column sg, which assigns the complete set of items I to the first truck (js, = 1) without

taking into account truck compatibility and capacity. Further, we set the amount of
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resources required to load the items to zero (i.e., o5, := 0) and the total weighted
earliness to a prohibitively large positive number M (i.e., e, := M). We add s¢ to all
nodes of the branch-and-bound tree to ensure that every RMP has a feasible solution.
Due to the large penalty factor in the objective, the column is not used unless no other

feasible solution exists.

C.4.2. Pricing problem

Given an optimal solution to the RMP for the current set of columns, let u” be the vector
of dual prices associated with Constraints v of the RMP (v € {(C.23),(C.24),(C.25),
(C.26)}). The reduced cost ¢ of variable Ay is

(C.23) (C.24) (C.25) (C.26)
Cs = es + u E Qg - u —|— E Tst " Og * ut —|— E Tst ut .
i€l teT teT

To find a variable with negative reduced cost (or to prove that no such variable exists),
we can solve the pricing problem for each truck j € B and possible departure time

fj € [aj,b5] independently. For a given truck j and departure time Ej, we compute

(C.25) /s T\ t; (C.25) C.26)(: T\ t; (C.26) .
alC®)(j,¢;) = th:t“j—pjﬂ uy and a(©29)(j,¢;) = th:t“j—pjﬂ u; “’. This way, the
pricing problem becomes

Minimize 2(m) = u{"* + @29 (5, 5;) + 3 (i, 1) — u!“* + ;- a O (4, 1)) - m;

i€l

subject to

Zwi * Ty S Cj (0.28)
iel
m € {0;1} Viel, (C.29)
where I C I denotes the set of items that can be assigned to truck j if it departs in
period ¢}, i.e., [ ={i € I | d; > t; Aj € B;}; (i, ;) is the weighted earliness of item i if

it is loaded onto truck j that departs in period ¢;, i.e., €(i,t;) = (d; — ;) -r;; and 7; is a

binary variable indicating if item ¢ is loaded onto truck j.

The pricing problem hence corresponds to a series of O(mT') knapsack problems, each of

which can itself be solved in pseudo-polynomial time (Martello et al., 1999). If a feasible
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solution of the pricing problem with a negative objective value is found, the variable A4
with the truckload I, = {i € I | m; = 1} and departure time t; = #; is added to the
RMP.

C.4.3. Branching

RMP is only an LP relaxation of GSC; therefore, an optimal solution obtained by column
generation is not necessarily integral. To ensure the integrality of the final solution, we

branch the nodes with fractional optimal solutions using the following branching scheme.

If an RMP solution is fractional, then at least one of the following two cases occur:

e there exists at least one item ¢* € I, which is (partially) loaded onto two (or more)

distinct trucks;

e there exists at least one truck j* € B which is (partially) assigned to two (or more)

distinct departure times.

In other words, there exist at least two distinct partial schedules s,s" € §, s # s/, with
0 < As, Ay < 1, such that 3i* € I :i* € Ig A" € Iy,js # jo, and/or 35* € B :
ts # tg,js = js¢ = j*, holds. That is, s and s’ must assign an item to two distinct
trucks and/or assign a truck to two distinct departure times. Our branching procedure
generates two new nodes, none of which contains both columns s and s’. To do so, we

use the following two-stage hierarchical branching scheme:

e branching on items: This branching rule is applicable if there exist at least one
item i* € I and two (or more) partial schedules s,s’ € § with A > 0 and Ay > 0,
which assign i* to two (or more) distinct trucks 7,7’ € B : j # j' (i.e., s € 57,5 €
SV e Ig N € Iy). Let j* € B denote one of the trucks which item 7* is
partially loaded on, chosen at random. We generate two nodes: in the first node,
item ¢* is forced to be loaded onto truck j* (z;+j+ = 1) and in the second node, item
i* is forbidden from being loaded onto truck j* (z;+j+ = 0). The new branching

constraints can be easily integrated into the pricing problem: for the node with

branching constraint x;«j« = 0, we just remove ¢* from I for all pricing problems
and for the node with constraint x;«;+ = 1, we simply add the constant contribution

(the weighted earliness of item r;+ - (d;+ —t5)) to the objective value and subtract w-

from c¢;« before solving the pricing problems for truck j*. Moreover, the branching
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constraints are considered in the RMP as follows: for the nodes with the branching
constraint x;«;+ = 1, we remove all columns s € S$7" that do not assign item i* to
truck j* (i.e., where i* ¢ I5) and all columns s’ that assign i* to some truck j’
other than j* (i.e., where i* € Iy A j' # j7*). Similarly, the branching constraint
x;+j+ = 0 can be considered by removing all columns s that assign item ¢* to truck

j* (i.e., where i* € I).

e branching on time windows: This branching rule can be applied for the case when
there exists at least one truck j* € B and two (or more) partial schedules s,s’ € §
with A; > 0 and Ay > 0, which assign truck j* to different departure times
ts # ty, more specifically, t, < ty, (i.e., s,5' € §7 : ty # ty). We split the current
possible time window of the truck’s departure time [a;«; bj=| into two sub-intervals,
[aj«; [t*]] and [[t* + €]; bjx] where e denotes a sufficiently small positive number

and t* is computed as

. i +bx
ts, if N <t
t* = %7 lftsﬁ%ﬁtsf,
tor, otherwise.

To consider these branching constraints in the RMP, we adjust the earliest and
latest departure times of truck j* accordingly (i.e., either b; := [t*]| or aj. :=
[t* 4+ €]) and erase all columns violating these modified time windows. Further,
we solve the series of pricing problems only with valid departure times fj that meet

the modified time windows.

In preliminary tests, we experimented with various combinations of our branching rules
(e.g., select the truck j*, or item * with most fractional values and then, if possible,
branch on item, otherwise on time window, or vice-versa, etc.). Among all observed
combinations, the following branching scheme has shown the best performance, which
we use for our computational experiments: from a set B¢ of all candidate trucks which
are assigned to at least two distinct departure times, select the truck j* with the widest
time window j* = argmax;cp/{b; — a;} and, if possible, branch on time window; if
branching on time window is not applicable (because there is no truck which is assigned
to more than one departure time to begin with), then branch on item, where the item is
selected via the following rule. From a set I¢ of all candidate items which are assigned
to at least two distinct trucks, select the item ¢* with the greatest earliness penalty

factor, i* = argmax;c;.{r;}. Further, to decide the next node to be branched, we use
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the minimum lower bound rule, i.e., from all open nodes, we select the node with the

smallest optimal objective value of the corresponding RMP.

C.4.4. Implementation details of the branch & price algorithm

In this section, we describe some implementation details, which in the preliminary tests

have shown to improve the computational performance of our B&P algorithm.

For solving the pricing problem, recall that our pricing problem corresponds to the
0-1 knapsack problem. In each iteration of the column generation algorithm, we compute
the input parameters for the corresponding knapsack problem (i.e., profit and weight of
each item i € I, the constant contribution to the objective function and the current
capacity c¢;j). Before solving the knapsack problem, we first reduce the problem size
by erasing all redundant items from I that either have non-negative profit, or greater
weight than the knapsack’s capacity. Then, instead of solving the pricing problem to
optimality, we first try to find a feasible solution with negative reduced cost by using a
quick greedy heuristic that packs items into the knapsack in the order of their utility-to-
weight ratio until no more items can be packed into the knapsack without violating the
capacity constraint. The objective value of the obtained heuristic solution (including
the constant term) represents an upper bound of the reduced cost of the corresponding
column. By filling the knapsack with a fraction of the next-best item (by utility-to-
weight), we solve the LP relaxation of the pricing problem and, thus, get a lower bound
on the reduced cost. We only solve the pricing problem to optimality if the upper
bound of the reduced cost is not negative, and the lower bound is. In this case, we
solve the pricing problem to optimality in pseudo-polynomial time using the so-called
“combo algorithm” proposed by Martello et al. (1999) (the codes are downloaded from
http://hjemmesider.diku.dk/~pisinger/codes.html) and either find a new column

with negative reduced cost or prove that no such column exists.

To accelerate the column generation algorithm for the root node, we add additional
initial columns to the root node apart from the dummy column sg. Specifically, for
each truck j € B, we generate a column s by assigning truck j to a feasible truckload
(e, Is C{i€l|je€ B;di > aj} such that ., ; w; < ¢;), which is randomly selected,

and the feasible departure time t; = min {min;cz, {d;}; b;}.

Apart from the dummy column sg, each child node receives all such columns s € §

from the parent node whose optimal value in the parent node is positive and does not
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violate the new branching constraint. We do not add such columns to the child nodes that
are not selected in the optimal solution of the parent node (i.e., where the corresponding
A variable is zero). This may cause some columns to be generated multiple times but

reduces the size of RMP significantly.

Moreover, we apply logic testing before branching each node and only branch the

nodes with room for improvement, i.e., that satisfy the following criteria.

1. Let F* denote the optimal objective value of the RMP of some node, which con-
stitutes a lower bound on the objective value of the optimal integer solution. Since
all objective parameters (i.e., total weighted earliness of every truck) are integer,
the optimal objective value of OTSLP has to be integral. Hence, we only branch
such nodes that satisfy [F*] < UB, where UB denotes the objective value of the

current best-known solution.

2. If all negative reduced-cost columns have been added, but the dummy variable sg
still has a positive optimal value (i.e., As, > 0) in the RMP solution, no feasible

solution exists for this node, and it can be fathomed.

Similarly, we apply logic testing after branching each node. Some branching con-
straints may implicitly cause a reduction of the search space of the child node which we

take into account.

e Let x;+j+ = 1 be such a branching constraint that forces an item ¢* to be loaded
onto truck j* such that d;+ < bj« holds. Note that all columns s that assign truck
7* to a departure time ¢4 later than deadline d;« of item ¢* are infeasible. Therefore,
after such a branching step, we implicitly restrict the time window of truck j* by

updating bj« := d;.

e Analogously, for all nodes that are generated due to a branching constraint [[t* + €];
bj+], we check all columns s € §/ " from the parent node if the assigned truckload I,
to truck j* contains any item ¢ with d; < [t* + €|. If the truckload Is contains at
least one item ¢ whose deadline d; is earlier than the new earliest possible departure
time [t* + €| of truck j*, then we do not add this column to the child node.

To quickly obtain a good initial upper bound, after adding all columns with nega-
tive reduced cost to the root node via column generation, we solve the corresponding
root-node GSC with all added columns considering the integrality constraints. Although
finding a feasible solution to GSC is strongly NP-complete (Garey and Johnson, 1979),
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modern commercial solvers can solve even large GSC instances in acceptable computa-
tional times to optimality (e.g., Tadumadze et al., 2019, 2020b).

C.5. Computational study

In this section, we explore and compare the computational performance of the pro-
posed solution approaches. Specifically, in Section C.5.2, we compare the computational
performance of the mixed-integer linear programs (MILP-LO and MILP-TI) with the
proposed B&P algorithm. To the best of our knowledge, there is no established testbed
for OTSLP, so that we first describe how we generate new realistic test instances in
Section C.5.1. Finally, in Section C.5.3, we explore some practical insights that can be
helpful for dispatch warehouse managers in their decision making on a tactical planning

level.

C.5.1. Problem instances and computational environment

Our instance generation scheme is geared to the aforementioned dispatch warehouse of a
trailer coupling manufacturer that ships couplings to multiple destinations (e.g., different
OEMs) just-in-time. We generate OTSLP instances with different sizes whereas the
instance size is defined by the number of served OEMs O, which our instance generator

receives as an input parameter.

OTSLP is an operational planning problem, which is solved once the definitive part
requirements at the OEMs and the trucks’ exact time windows (i.e., earliest and latest
departure time for each truck) are known. The typical planning horizon for sequencing
mixed-model assembly lines and for scheduling trucks is one day or even one shift (Boysen
et al., 2009, Tadumadze et al., 2020a). Thus, it is advisable to plan OTSLP for a shorter
planning horizon (e.g., one or even half a working shift). A time unit for our OTSLP
instances corresponds to five minutes and, thus, a planning horizon consists of T = 96

periods, i.e., a standard 8 hours working shift.

Regarding the truck-related parameters, we assume each OEM o € {1,---,0} to be
exclusively served by a truck fleet ®, of fixed size consisting of trucks of different types,
bound for one particular OEM o. Specifically, we consider four different truck types
(dubbed S, M, L, and XL). The truck types differ in the trailer capacity (corresponding
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to the maximal number of pallets they can load), the docking time, and the arrival
frequency at the terminal during the planning horizon (i.e., count of trucks of that type
in each fleet ®,). The detailed characteristics of the four truck types are displayed in
Table C.5. To generate realistic truck capacities c;, we rely on the maximal number of
pallets for each particular trailer, based on the realistic data provided by Goodloading
(2019). We assume that the docking time p; of each truck j depends on the trailer
size, i.e., the maximal number of pallets that can fit in the trailer. To generate realistic
docking times, we first set the docking time (including the pre- and post-processing
times before and after the loading process) for the standard semitrailer (XL) based on
the empirical data provided by Burdzik et al. (2014). Then, we re-scale the processing
times for smaller truck types accordingly. The earliest possible departure time a; of each
truck j € B is calculated as a; = 7; + pj;, where 7; denotes the arrival time of truck j at
the dispatch warehouse. We assume that at the beginning of the planning horizon, from
each fleet ®,, there is one truck of each type waiting in the terminal yard. This way,
we ensure that there are sufficient trucks to meet early deadlines of items. Further, we
assume that the inter-arrival time 77; —n; of each pair j and j' of successive trucks of the
same type depends on the truck type: the smaller the truck, the shorter the inter-arrival
time (i.e., the higher the frequency). As a result, each fleet ®, consists of more trucks
with a small trailer capacity than the ones with larger trailers. Trucks’ inter-arrival time
for each truck size is determined by dividing T" by the number of that particular trucks
(see Table C.5). In total, each OEM o € {1,---,0} is served by identical truck fleets
®,, counsisting of 15 trucks. Thus, the total number of trucks of an OTSLP instance
can be derived as n = 15- O. Finally, the latest possible departure time b; of each
truck j is computed as b; = min{T;a; + w;} where w; denotes the time window of
truck j (i.e., maximal duration of its stay at the terminal including the docking time).
Unless noted otherwise, the time window w; for each truck j € B is randomly drawn as
w; = rnd(24, 36). Note that w; = rnd(24, 36) means that trucks stay at the terminal for

between 2 and 3 hours.

Regarding the item related parameters, we recall that in the OTSLP, an item corresponds
to an entire shipment or order of parts packed on one or multiple pallets. We assume
that each OEM o € {1,--- , 0} orders a fixed number of 50 items in the planning horizon.
Thus, the total number of items m for an OTSLP instance can be derived as m = 50-O.

The relative importance of item r; (i.e., penalty cost in case of early arrival) is randomly
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drawn as r; = rnd?(1, 5), where rnd” denotes a discrete uniformly distributed random
integer number from the interval given in brackets. Similarly, the space w; required
for each item i € I is also randomly drawn as w; = rnd”(1,5), where a value of 1
can be thought of as an entire pallet. The number of logistics workers required to
(prepare and) load order i onto a truck is generated as ¢; = |w; - rnd~[0, 1]], where rnd®
denotes a uniformly distributed random number from the interval in the argument and
|-] denotes rounding to the nearest integer. This way, the number of workers ¢;, on the
one hand, depends on the order size w; and, on the other hand, is randomly re-weighted
to account for some other order-specific factors (e.g., shape, weight, packaging, and
labeling effort of the order, etc.). The deadline d; of item i is randomly drawn from the
entire planning horizon starting from the earliest possible departure time of any truck,
i.e., d; = rnd?(min{a;},96). Finally, the set of compatible trucks B; for each order i,
which has to be shipped to OEM o, consists only of the trucks from the corresponding
truck fleet ®,,.

We assume that the number of dock doors D depends on the size of the warehouse (i.e.,
the number of served OEMs O) and is set to D = 3 - O. The number of workers is

% . D-‘, with a € RT as a predefined parameter determining

computed as ) = La .
the desired level of available workforce. Unless noted otherwise, parameter « is set
to value 1, leading the available workforce size (Q to be calculated as the product of
the expected amount # of required workforce per truck and the maximal possible
number D of trucks that can be docked simultaneously (i.e., the number of dock doors).
In Section C.5.3, we observe the effect of the workforce size on the solution quality by

comparing solutions of different OTSLP instances by varying the value of parameter a.

We implement our solution procedures in C# 7.0 and apply the commercial solver IBM
ILOG CPLEX Optimizer V12.9.0 for solving all (MI)LPs (excluding the ILP for the
pricing problem, described in Section C.4.2, which we solve with specialized solution
methods as described in Section C.4.4). All tests are executed on an x64 PC with an
Intel Core i7-8700K 3.70 GHz CPU and 64 GB RAM.

C.5.2. Computational performance
In this section, we compare the computational performance of the proposed models and

solution approaches (MILP-LO, MILP-TI, and B&P) solving OTSLP instances. For this

comparison, we generate new OTSLP instances for differently sized dispatch warehouses,
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as described in Section C.5.1. In particular, the value for the input parameter O (the
number of served OEMs) is varied in the range O € {1,2,3,4}, generating OTSLP in-
stances with n = {15,30, 45,60} trucks and m = {50,100, 150,200} items, respectively.
For each instance size, we generate 10 random OTSLP instances so that for this com-
parison, in total, 40 new OTSLP instances are available. The time limit for solving the
MILP models, as well as the B&P approach, is set to 1800 CPU seconds unless noted
otherwise. Moreover, to make a fair comparison between alternative solution approaches,

we execute all solution methods (including the default solver) on a single thread.

Tables C.6 and C.7 summarize the computational results. The first column “Name”
indicates the instance name consisting of the number of items m, the number of trucks
n, and a running index. For each approach, we report the computational runtime (in
CPU seconds) (column “Time”), the objective value of the best found solution (column
“UB”), the best lower bound (column “LB”), and the relative gap between upper and lower
bound (in %), calculated as gap = YB=EE . 100 (column “Gap”). Further, since both
MILPs find relatively weak lower bounds, we additionally report the relative gap of the
best-found solution of each MILP UBM!LF to the best found objective value of the B&P
BBP calculated as gapBP = UBXZ-UBPY 100 (column “Gap®F”). Due to

UBBPF
the presence of an exponential number of constraints, CPLEX runs out of memory even

approach U
before generating the corresponding MILP-LO models for instances with more than

m = 15 trucks. Thus, we only report the computational results of MILP-LO for the

OTSLP instances of the smallest size with m = 15 trucks and n = 50 items.
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The first remarkable result is that B&P outperforms both MILP models, solving in total
39 out of 40 OTSLP instances to optimality within the given time limit. The default
solver, on the other hand, struggles with solving instances to proven optimality within
the time limit using either proposed model—MILP-TI or MILP-LO. Using the time-
indexed model, CPLEX solves only 2 out of 40 instances to proven optimality within
a time limit. In the other 38 cases, CPLEX finds a feasible solution, but the gap to
the B&P objective value is the more remarkable the larger the OTSLP instance is. The
effort of the commercial solver is even vaster when the linear ordering model MILP-LO is
applied. Suffering from the presence of an exponentially growing number of constraints,
the MILP-LO model instances can be generated only for the ten smallest instances (with
m = 15), none of which are solved to optimality. Hence, we can conclude that neither
MILP model scales well, whereas B&P performs reasonably well even on the largest

instances in the test set.

To get a better idea of how the novel B&P approach performs, in Table C.8, we list the
computational results in more detail. In particular, apart from the total computational

BP77)

time (presented in column “Time , we also report the number of nodes in the branch-

and-bound tree, as well as the total number of generated columns (columns “ Nodes” and

BP» respectively). Recall that some columns may be generated multiple times

“Columns
as we do not add every column of parent nodes to their child nodes. Moreover, we report
the computational details of the root node of the branch-and-bound tree. Specifically,
the computational time and the number of generated columns after solving the root

T00t”

and “Columns™°",

node with column generation are listed in the columns “Time
respectively. Moreover, column “Time/stfeasitle» contains the total computational time
required to find the first feasible solution by solving the RMP model from the root
node with integrality constraints. This consists of the computational time to solve the

root

root node via column generation Time and the computational time to solve the

corresponding GSC model.

It is notable that for all 40 observed instances, our procedure manages to obtain a
feasible solution in a reasonable time. Even for the largest OTSLP instances, the first
feasible solution is found in about 1 minute. The relatively small number of nodes in
the branch-and-bound tree (see column “nodes”) suggests that the quality of the root
node solution is already quite good. For 8 out of 40 instances, the root node is directly
pruned (without branching), which indicates that the first-found feasible solution is
already proven optimal. Moreover, for many of the remaining 32 cases, the first feasible

solution is already optimal, and the remainder of the runtime is spent proving optimality.
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Table C.8.: Detailed computational results of B&P algorithm

Total Root node
Instance TimeBP  Nodes ColumnsBP Time™@°t  Columns”™°  Timefirstfeasible
O0o=1
50x15-01 71.6 467 525701 1.5 4609 3.1
50x15-02 9.2 25 44707 1.6 4837 2.9
50x15-03 3.1 1 5152 1.8 5152 3.1
50x15-04 1800.1 15263 14355765 1.5 4462 2.6
50x15-05 9.0 51 55271 1.1 3920 2.0
50x15-06 8.0 27 41469 1.8 4975 3.1
50x15-07 38.7 89 185520 1.8 4985 3.4
50x15-08 3.2 1 4946 1.9 4946 3.2
50x15-09 59.5 371 433771 1.5 4806 2.8
50x15-10 36.3 235 266483 1.4 4718 2.7
Mean 203.9 1653 1591878.5 1.6 4741 2.9
0=2
100x30-01 96.4 169 372043 5.5 8623 10.0
100x30-02 13.7 1 10549 7.6 10549 13.7
100x30-03 130.4 85 333837 7.2 10333 13.2
100x30-04 23.6 21 62981 5.4 8571 9.7
100x30-05 66.8 49 175512 5.8 8832 10.5
100x30-06 9.7 1 8712 5.5 8712 9.7
100x30-07 153.4 205 539715 5.6 8864 10.3
100x30-08 13.2 1 10383 7.3 10383 13.2
100x30-09 637.4 669 1992607 6.5 9495 11.8
100x30-10 9.8 1 8690 5.3 8690 9.8
Mean 115.4 120.2 351502.9 6.2 9305.2 11.2
0=3
150x45-01 42.1 7 43290 13.6 13465 25.5
150x45-02 115.1 45 192390 14.3 13844 26.9
150x45-03 102.0 37 162409 17.3 15301 32.7
150x45-04 140.0 29 194438 15.5 14443 29.2
150x45-05 26.1 1 13559 14.2 13559 26.1
150x45-06 120.0 27 169051 15.2 14271 28.6
150x45-07 28.7 1 14296 15.4 14296 28.7
150x45-08 74.4 17 91672 17.2 15054 31.9
150x45-09 44 .4 5 38819 15.5 14366 29.0
150x45-10 31.1 1 15042 16.6 15042 31.1
Mean 72.4 17 93496.6 15.5 14364.1 29.0
0=4
200x60-01 120.8 7 79149 33.3 20275 64.0
200x60-02 1759.8 339 2261776 27.6 18146 52.6
200x60-03 71.6 3 34783 29.8 18810 57.6
200x60-04 943.1 129 1034901 29.4 18469 56.0
200x60-05 103.7 7 66673 32.4 19642 61.9
200x60-06 158.5 15 134791 29.6 18912 57.0
200x60-07 1573.8 207 1706956 28.2 18224 53.7
200x60-08 155.4 15 129153 27.1 17751 51.8
200x60-09 858.8 117 934842 29.9 18803 57.0
200x60-10 1005.9 115 1018125 33.5 20284 65.1
Mean 675.1 95.4 740114.9 30.1 18931.6 57.7
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This indicates that truncated versions of our B&P may also serve as good heuristics.

C.5.3. Managerial insights

In this section, we explore some practical insights, such as the impact of the truck time
window management policy as well as workforce size on the delivery punctuality. The
results can be helpful from a managerial viewpoint at the tactical planning level when
deciding on the time window management policy or the workforce size to achieve the

desired service level.

So far, for all generated OTSLP instances used in the previous section, the time window
wj for each truck j € B was randomly drawn between 2 and 3 hours. However, by
changing the time window management policy for the trucks, the terminal managers can
affect the delivery punctuality: tighter time windows make the planning process easier
for the logistics providers and probably increase truck utilization, but come at the cost
of decreasing flexibility for the dispatch warehouse, which has fewer truck departure
times to choose from, possibly making deliveries less just-in-time. To explore the impact
of the time window management on the solution quality (i.e., delivery punctuality), we
generate additional OTSLP instances by varying the width of the trucks’ time windows.
We solve them using the B&P algorithm and compare the objective value (i.e., total

weighted earliness) of the instances with different time window widths of the trucks.

As a benchmark set of instances, we use 10 OTSLP instances with n = 45 trucks and
m = 150 items from the previous study (i.e., instances: 150x45-01-150x45-10). Each
benchmark instance is modified by resetting the truck time window for three scenarios:
wj = rnd?(0,12), w; = rnd?(12,24) and w; = rnd%(36, 48), leading to an additional 30
instances with maximal docking duration at the terminal between 0 and 1 hour, 1 and 2
hours and 3 and 4 hours, respectively. Note that, apart from the trucks’ time windows
(or, more precisely, the trucks’ latest possible departure dates b;) the modified OTSLP
instances are identical to the original benchmark instances. Note that for the tightest
scenario (i.e., wj = rnd%(0,12)), if a randomly drawn time window w; of some truck j is
shorter than its docking time p;, we set the time window to p;. This means that truck
j cannot wait at the terminal and, hence, either has to be directly docked at the door

or cannot be loaded at all.

Figure C.3 displays the aggregated results of our study (including the original 2-3 hour
scenario). Each point in the figure represents the average results of the 10 OTSLP
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Figure C.3.: Impact of time window management on the delivery punctuality

instances of the same scenario. We would expect a strict time window management (i.e.,
tighter time windows) to make it hard to punctually deliver orders to the OEMs. And
indeed, this is what the results indicate. The decreasing curve of the chart indicates an
improvement in delivery punctuality (i.e., a decrease of total weighted earliness) when
the length of the trucks’ time windows grows. This is only true up to a point, however.
The tightening of the time window management policy from 2-3 hours to 1-2 (or even
0-1) hours leads to an increase of the total weighted earliness by about 43% (or even by
292%). On the other hand, loosening the trucks’ time windows to 3-4 hours only leads
to improvements in delivery punctuality quality by 2%, which is probably not worth the
additional planning headache for logistics providers, who have to have their trucks on

standby for up to four extra hours.

Analogously, we observe the impact of the workforce size (i.e., number of logistics workers
Q) on the delivery punctuality by modifying the benchmark instances once more. This
time, we change the available workforce size () by varying the parameter « in the range
a € {0.6,0.7,0.8,0.9} (leading to an additional 40 OTSLP instances). The value « = 0.6
can be interpreted such that in peak hours, i.e., when all dock doors might be busy
with trucks, the amount of available logistics workers @ is about equal to the 60% of
expected required workers. As a result, the shortage of logistics workers may lead to
delays (or even canceling) of some trucks’ processing, which can negatively affect the
solution quality. The aggregated results (averaged per workforce scenario) are depicted
in Figure C.4. Note that for this study, not all problem instances can be solved to proven

optimality. Therefore, to get a better idea of the relation, we display the best upper
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Figure C.4.: Impact of workforce size on the delivery punctuality

and lower bounds within the time limit. As one would expect, the average weighted
total earliness goes down with increasing workforce size. By far the greatest gains are
made when going from o = 0.6 to a = 0.7, while going from o = 0.9 to o = 1.0 makes
little difference. This implies that terminal managers should take care not to run their
dispatch warehouse with a bare skeleton crew: while it may still be feasible to ship all
orders, the punctuality will suffer. On the other hand, there is little point in padding the
workforce beyond a certain level. Note that for scenarios with an even tighter workforce

(a = 0.5), many instances become inherently infeasible.

C.6. Conclusion

In this paper, we introduce the novel outbound truck loading and scheduling prob-
lem (OTSLP), which deals with two issues: assignment of orders to outbound trucks
and scheduling the loading of the trucks at the dock doors such that the orders arrive
at the customers as late as possible but no later than their deadline, considering the
trucks’ capacity and time window restrictions as well as the available resources at the
dispatch warehouses (i.e., dock doors and logistics workers). We formalize the problem
and provide three alternative mixed-integer linear programming models. Furthermore,
we develop an exact branch-and-price algorithm (B&P). We compare the novel B&P
algorithm with a commercial solver using both mixed-integer linear programming mod-

els. B&P performs quite well, solving most of the large OTSLP instances to optimality
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within the given time limit of 30 minutes.
For terminal managers, we derive some practical insights:

e Offering tight processing time windows to logistics providers, while making their
own planning easier, costs a lot of flexibility, which is reflected in decreased punctu-
ality of the shipments. On the other end of the spectrum, very large time windows
offer only little benefit in terms of punctuality but probably decrease truck utiliza-

tion significantly.

¢ Employing only a bare-minimum workforce in the dispatch area is not a good idea
as this can severely delay just-in-time shipments. However, padding the workforce

beyond a certain point is not helpful, either.

Future research should focus on integrating detailed workforce scheduling into the OT-
SLP, e.g., considering individual workers switching trucks once their order is loaded and
considering their walking times between two successive tasks. Furthermore, integration
of the vehicle routing problem into the OTSLP may be a rewarding research task, es-
pecially for those cases where the dispatch warehouse is relatively far from the OEMs

and/or multiple suppliers are visited on milk-runs.
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Chapter D.
Yard truck scheduling*

Abstract: Spotters (also denoted as switchers) are specialized truck tractors, which are
dedicated to the rapid maneuvering of semitrailers between parking lot and dock doors in
large trailer yards. This chapter is dedicated to spotter scheduling, i.e., the assignment
of predefined trailer movements to a given fleet of spotters. The limited number of dock
doors for loading and unloading is often the scarce resource during trailer processing, so
that idle time of the bottleneck, e.g., caused by unforeseen delay in the yard, is to be
avoided. In this setting, we aim to insert time buffers between any pair of subsequent jobs
assigned to the same spotter, so that small delays are not propagated and subsequent
jobs can still be executed in a timely manner. We formalize two versions of the resulting
robust spotter scheduling problem and provide efficient algorithms for finding optimal
solutions in polynomial time. Furthermore, we simulate delays during the execution of
spotter schedules and show that the right robustness objective can greatly improve yard

performance.

“This chapter has been published as: Tadumadze, G., Boysen, N., Emde, S. (2020): Robust spotter
scheduling in trailer yards. OR Spectrum 42(4), 995-1021
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D.1. Introduction

Increasing freight traffic in many regions of the world (e.g., in Europe, see Statista, 2018)
does not only burden the edges (streets) of road networks but also many nodes. Examples
of huge terminals where up to several hundred trucks are to be loaded and unloaded each
day are cross docks (Ladier and Alpan, 2016), automobile plants (Battini et al., 2013),
distribution centers of food retailers (Bodnar et al., 2017), freight airports (Ou et al.,
2010), and hub terminals in the postal service industry (Boysen et al., 2017). In many of
these nodes, especially during peak hours, considerable waiting times for an (un-)loading
of trucks occur. The large German transport cooperative Elvis with 10,643 trucks, for
instance, reports that their average daily waiting times of 3.5 h per truck accumulate to
yearly waiting costs of about €400 million (VRS, 2012). In an empirical study, 45.9%
of the surveyed German truck drivers quantify their average waiting time per stop to
exceed 1 h (VRS, 2011). Existing ideas on how to resolve this problem mainly address
the demand side. Novel software solutions propagate an internet-based booking of time
windows, so that truck arrivals can be spread out over the day (Descartes, 2019), and
the current scientific research aims at a coordination via auction mechanisms (Karaenke
et al., 2019). We, however, address the internal processes and show that robust schedules
for the movement of semitrailers within yards also have the potential to considerably

reduce waiting times.

D.1.1. Trailer yard operations and literature review

An important decision to make in the aforementioned nodes is to either let the trucks
transporting semitrailers to and from the terminal directly approach the dock doors or to
apply dedicated spotters for the intra-terminal trailer movement. Spotters (also denoted
as switchers or terminal tractors, see Yano et al., 1998, Berghman and Leus, 2015) are
specialized truck tractors which are exclusively applied for the rapid maneuvering of
semitrailers between their parking positions and the dock doors where trailers are loaded

and unloaded. A spotter is depicted in Figure D.1(a).

Applying extra spotters allows accelerated maneuvering and earlier release of the trucks.
Spotters are more agile than conventional trucks, specifically designed for a rapid (un-
) coupling process of semitrailers, and due to learning effects, their drivers are much
better trained in backing into a dock. A terminal manager of a large German trailer

yard we visited told us that spotters cut transportation time in the yard at least in half.
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(b) Schematic layout of a trailer yard

Figure D.1.: Spotter'

Moreover, spotters allow for a decoupling of trailer processing at the dock doors and
trailer transportation (beyond the yard). Inbound trucks can leave their trailer on some
open parking space in the trailer yard and can directly head toward their successive
appointment. They need not wait for the processing time window of their trailer, which
may considerably improve truck utilization. On the outbound side, dock doors are not
blocked by already loaded trailers waiting for a delayed truck to pick them up. On the

downside, spotters incur additional investment and operational costs.

When applying spotters for trailer movement, the yard processes are organized as follows.
On the inbound side, an incoming truck reaching a trailer yard is registered at the
terminal gate and appointed an open parking space in the parking lot of the yard.
Figure D.1b depicts the schematic layout of a trailer yard. Once the trailer is positioned
and uncoupled, the truck can directly leave the terminal. The arrival of the loaded
trailer is registered in the yard’s information system, e.g., by a yard operator controlling
the parking lot with video surveillance. Then, the trailer is assigned a dock door and
a processing time window. In the literature, the decision on the where and when of
(un-)loading a given set of trailers is denoted as truck scheduling. A survey on the
numerous solution procedures for this decision task is provided by Boysen and Fliedner
(2010). Omnce such a schedule is available, loaded trailers need to be delivered in a
timely manner to their dedicated docks by spotters. The spotter drivers are informed

either via radio communication by the yard operator or via a display mounted on the

tSpotter (Figure D.la is published under the Creative Commons Attribution Share Alike 3.0 Unported
License. The author of the picture is Exit2D0S2000.
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dashboard. Omnce docked, trailers are unloaded, e.g., by forklifts or directly onto a
telescopic conveyor, while the spotter heads to the next trailer on its list. When a trailer
is completely unloaded, the status is transferred to the information system and a new
transport request is generated as well as assigned to a spotter, which is to return the
empty trailer to a parking space. On the outbound side, these steps are analogously

executed in reverse order.

This paper is dedicated to spotter scheduling. A given set of trailer movements either
from the parking lot to some dock door (i.e., loaded inbound trailers or empty outbound
trailers) or vice versa (i.e., empty inbound trailers or loaded outbound trailers) are to
be assigned to a given fleet of spotters. Truck scheduling problems from the literature
almost without exceptions typically ignore the workforce scheduling aspect. However,
Tadumadze et al. (2019) propose integrated truck and workforce scheduling problem
but their workforce is dedicated to the intra-terminal operations (i.e., unloading goods
from trailers at dock door) while spotter scheduling treats operations in the yard, i.e.,
outside of the terminal. The only other papers treating spotter scheduling are the ones
by Berghman et al. (2014) and Berghman and Leus (2015). Both papers integrate truck
scheduling, i.e., the decision on the where and when of truck processing, with spotter
scheduling and model the complete process as a three-stage flexible flow shop problem.
On the first stage, spotters deliver trailers to docks, where they are processed (stage
two) and finally delivered back to the parking lot (stage three). A peculiarity is that
stages one and three share resources, i.e., the spotter fleet. Mixed integer models for the
resulting problem are provided in Berghman et al. (2014) and heuristic solutions for a
real-world case at a Toyota warehouse in Belgium are presented in Berghman and Leus
(2015).

Clearly, truck and spotter scheduling are heavily interdependent, so that integrating
both planning tasks into a holistic problem seems a good choice for many settings.
However, the resulting problem is quite bulky and difficult to solve. Therefore, it may
be convenient to decompose it if a single stage of the three-stage process is the main
bottleneck. This is, for instance, the case at the aforementioned yard of a large German
postal service provider we visited. Over the years especially the increasing volumes of e-
commerce have led to a much higher workload to be processed at the terminal. While the
spotter fleet can conveniently be adapted to changing capacity situations, the terminal
cannot be expanded that easily, so that (especially during peak hours) the dock doors
are the unique bottleneck resource. In such a setting, truck schedules can be derived

independently of the spotters, such that the docks are efficiently utilized. Once such a
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truck schedule is given, the aim of the spotter schedule reduces to realizing the given

trailer transports in a timely manner such that the docks never run idle.

Instead of tightly coupling trailer processing and spotter scheduling, which may lead to
a propagation of delays whenever unforeseen events occur during plan execution, the
focus should rather be on robustness. Although the spotter fleet is sufficiently large per
se, from time to time unforeseen delays occur in our terminal. For instance, unloading
a trailer may take a little bit more time than expected or some trucks may arrive late
at the terminal. These unforeseen events that regularly occur in any terminal lead to
an idle time of the actual bottleneck resource, i.e., the dock doors. Therefore, we aim to
determine, for the given truck schedules, spotter schedules that are robust in the face of

unforeseen disturbances.

Although robust optimization is a wide and ever-expanding field of research and there
exist quite a few (partially conflicting) definitions, a general and widely accepted de-
scription goes like this (Briskorn et al., 2011): Robust optimization is the task of finding
a feasible solution to an optimization problem that is not necessarily optimal but re-
mains feasible (solution-robustness) and has a good performance (quality-robustness) if
parameter values of the problem change. Surveys on the vast amount of literature on
robust optimization are, for instance, provided by Ben-Tal and Nemirovski (2002, 2008)
and Kouvelis and Yu (2013). Robust scheduling in particular is surveyed by Aytug
et al. (2005). Among the manifold approaches to reach robust schedules, a convenient
way, which often leads to still comparatively compact problems, is the insertion of time
buffers. A buffer between two jobs executed by the same resource protects the start
time of the latter job against delays of the completion time of the former one. Time
buffers have, for instance, been considered in project scheduling (e.g., Herroelen and
Leus, 2004, Van de Vonder et al., 2005) and machine scheduling (e.g., Leus and Herroe-
len, 2007, Briskorn et al., 2011). We, however, have fixed execution intervals for our jobs
(i.e., trailer movements), so that time buffers are only influenced by their assignment to
resources (i.e., spotters). Fixed processing intervals are the topic of interval scheduling
(see Kolen et al., 2007, for a survey), where to the best of our knowledge robustness and

time buffers have not been considered yet.

The resulting robust interval scheduling problems are general problems, which are not
bound to spotter scheduling, but can be applied whenever predefined (transport) jobs
with given processing intervals have to be executed in a timely manner by a given

set of machines (or vehicles). However, in the following, we stick to the case of spotter
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scheduling because in this area of application the need to derive robust plans was brought

to our attention.

D.1.2. Contribution and paper structure

This paper treats robust spotter scheduling by inserting time buffers between job pairs
successively executed by the same spotter. Specifically, we assign transport jobs with
given processing intervals to a fixed fleet of spotters under two robustness objectives: (i)
maximize the minimum time buffer and (ii) maximize the sum of time buffers. The result-
ing two optimization problems are defined in Section D.2. Polynomial-time algorithms
for solving both problems to optimality are provided in Section D.3. Our computational
study (Section D.4) simulates different disturbances during plan execution and evaluates
the ability of our two robustness approaches to avoid turmoil in the yard. Our results
show that robust schedules, especially if optimized according to objective (i), can suc-
cessfully avoid that delays of single trailer movements or delayed external trucks lead to
a propagation effect causing further delays for subsequent yard processes. In this way,
the average waiting time per truck and the average idle time per dock door reduces by
more than 1 and 5 h, respectively, compared to non-robust solutions. Finally, Section

D.5 concludes the paper.

D.2. Problem description

Consider a set J = {1,...,n} of jobs, each representing a fixed transport request de-
fined by its completion time C}, a processing time p;, and a weight w;. Jobs represent
transport requests either from a parking position to a dock or vice versa. The input pa-
rameters of our problem can directly be derived from the output of the truck scheduling
problem, which we assume to be pre-defined. The truck schedule for each truck deter-
mines when and where it has to be (un-)loaded, i.e., it assigns each trailer to a specific
dock door and fixed processing time interval. As we assume that the parking positions
for all trailers are also given, we can preprocess the travel time it takes a spotter to
transport the trailer between the given dock and the respective parking position (i.e.,
p;). A transport job of a trailer toward a dock consists of coupling a trailer to a spotter
at the initial parking position and moving it toward the dock, where it is uncoupled. A

retrieval of the same trailer after its processing reverts this flow: a spotter is coupled
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to the trailer at its dock, moves it toward the parking position, and uncouples it. It is
thus easy to derive the processing time p; and the completion time C; of each job j so
that it is executed in a timely manner in order to meet the fixed predefined (un-)loading
time intervals. The weights w; denote the importance of a job being processed on time.
E.g., an important truck that is fully loaded with high-priority freight may receive a
greater weight than non-urgent deliveries. Furthermore, we have sequence-dependent
setup times d;;/, which represent the deadheading time it takes a spotter to move from
the target position of job j to the start position of job j. Note that we assume that
the first job of each spotter can be processed without any driving time. As a matter of
convenience, we assume jobs being numbered according to non-decreasing start times,
e, C1—p1 <Cy—py <+ <Cy — pp-

Given job set J and a fixed fleet of spotters S = {1,...,m}, a schedule is defined by a
partition {Ry,..., Ry} of J and a permutation ws of R, Vs € S, specifying the order
in which the jobs assigned to spotter s are executed. Let ws(l) € Rs denote the I-th
job of spotter s, i.e., ws = (ws(1),...,ws(l),...,ws(|Rs|)]. Moreover, let n(j) € S be the
spotter job j € J is assigned to, and let 0(j) € {1,...,|R,(;|} be the sequence position
of job j. Then we define the buffer time b(j) as the amount of idle time between job
J and its predecessor wy;)(0(j) — 1). If j is the first job executed by a spotter (i.e.,
0(7) = 1), it does not have a predecessor, therefore we set the buffer time to the start

time of that job. Hence, we have

Ci — pi, ifO() =1
b =4 " =t
Cj =15 = 0w, ;1(0G)~1)5 — Cloysy(0G)-1),  €lse

Vi e J.

For simplicity’s sake, we neglect the spotters’ initial driving times ahead of their first
job. Thus, we assume that each spotter is initially directly available at its first job at the
beginning of the planning horizon. Note that if for each spotter s € S a specific initial
state (i.e., an earliest availability time es; and an initial driving time 4, toward each job
j € J) has to be considered, the buffer time of each initial job j (i.e., if (j) = 1) can be
computed as b(j, s) = Cj —p; — dp; — es for each spotter s € S. Such a setup would allow
multiple schedule updates throughout the day, e.g., when planning on rolling planning
horizons. In our baseline model, however, we do not explicitly take the spotters’ initial

states into account which remain a valid task for future research.
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We say that a schedule is feasible if it satisfies the following conditions.

1. Each spotter is assigned at least one job, i.e., Ry # 0, Vs € S. Note that it can
obviously not be optimal with regard to robustness to have unused spotters. Also
note that this presupposes that n > m, which can always be imposed by “culling”

excess spotters from the instance if necessary.

2. The buffer time between any two jobs must not be negative (no spotter can perform
two jobs at the same time), i.e., b(j) >0, Vj € J.

The main idea of a buffer time b(j) between job j and its predecessor j' = wy;y(0(j) —1)
is to protect the start time of j. If an unforeseen prolongation of unloading some truck
leads to a delay of job j/, then the start time of its successor j is not affected if the
delay is not greater than b(j). Otherwise, j cannot start as planned but is delayed less
than it would be without a buffer. This way, a diffusion effect, i.e., the propagation of a
delay at one dock to other docks via delayed spotters, is avoided or at least mitigated.

Specifically, we consider the time buffers in two different robustness objectives.

e Objective max-) ; maximizes the total weighted buffer time, i.e., F*™ =} . ;w;-

b(5)-

e While the former objective maximizes the overall buffer time, it does not preclude
individual buffers from being small (or even zero). To afford each job some level
of protection, objective max-min maximizes the minimum buffer size, i.e., F""" =
min{b(j)/w; | j € J;0(j) > 1}. Note that, for this objective, only the buffer times
between jobs (as opposed to the start time of the first job) are considered because
the buffer before the first job only depends on its given start time and thus should

not influence the objective.

Ezample: Consider an example problem with n = 4 transport jobs to be processed by
m = 2 spotters. The processing (p;) and completion (C;) times as well as the weights
(wj) of each job are in Table D.1(a). The driving time from the end point of some job
j to the starting point of any other job j’, i.e., d;;, can be found in Table D.1(b). For
this problem, the optimal solution with regard to objective max-»_ is w1 = (1,2, 3] and
we = (4], that is, one spotter performs job 1, then job 2 and job 3, while the other
spotter handles job 4. This leads to buffer times of by = 3, by =0, bs = 0, and by = 11,
and hence to a total objective value of F**" =1-3+2-0+1-0+4+3-11 = 36. The

solution is depicted as a Gantt chart in Figure D.2(a). Using the max-min objective, the
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optimal solution becomes w; = (1, 3] and we = (2, 4], implying buffer times of b; = 3,
by = 6, b3 = 1, and by = 2, and hence, an objective value of F™" = min{1/1,2/3} =
2/3. Figure D.2(b) shows the corresponding Gantt chart.

Table D.1.: Example problem: input parameters

1 2 3 1 Sy 1 2 3 4
b 2 2 6 3 A
C; 5 8 15 14

1 2 1 3 oo
W 4 21 3 -

(a) Jobs’ characteristics . 3
(b) Driving times

spotter spotter

1 2 3 4 5 6 7 8 9 10 11 12 13 14 time 1 2 3 4 5 6 7 8 9 10 11 12 13 14 time

N

(a) Gantt chart for max-) , example. (b) Gantt chart for max-min example.

Figure D.2.: Example problem: optimal solutions

D.3. Algorithms

In this section, we will present polynomial-time exact algorithms for the robust spotter

scheduling problem (RSSP), both under the max-)_ as well as the max-min objective.

D.3.1. Objective max-)
Maximizing the total buffer time, RSSP can be reduced to maximum weight perfect
matching in a bipartite graph.

Let G(UUV, E, ¢) be a bipartite graph, where U and V are two disjoint vertex sets, E is
a set of edges, with each edge connecting one vertex in U to one vertex in V,and c: E —

Ry is a weight function. U = {uy,...,un,81,...,5n} and V = {v1,...,vn,€1,...,em}
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each contain one vertex for each of the n elements in job set J and m additional “dummy”
vertices. We say that vertices v; and u; correspond to job j, Vj = 1,...,n, and vertices
5 and ¢ correspond to spotter [ (note that spotters are homogeneous and the indices for

the latter are therefore interchangeable).

Each “dummy” vertex s in set U is connected to each job vertex v; in set V by an
edge (s,vj) € E, VI = 1,...,m;j = 1,...,n. Edge (s,v;) indicates that job j is
the first job to be performed by spotter [. Consequently, the weight of that edge is
c(s,v5) = wj - (Cj — pj).

Each job vertex u; in set U is connected to a job vertex v; in set V' by an edge (uj,v;) €
E if and only if job j' can be performed after job j by the same spotter, i.e., if Cjy —
pjr — d;5» —C; > 0. Such an edge stands for one spotter performing job j’ immediately
after job j. In that case, the edge weight is c(uj,vjr) = wj - (Cj — pjr — 655 — Cy), ie.,
the weighted time buffer between jobs j and j’, given that they are processed in direct

succession by the same spotter.

Finally, each job vertex u; in set U is connected to each “dummy” vertex ¢ in set V by
an edge (uj,¢) € E,Vj =1,...,n;l = 1,...,m, indicating that job j is the last job
performed by a spotter. The corresponding edge weight is then c(uj, ¢) = 0.

This definition of G allows stating the following proposition.

Lemma D.1. A mazimum weight perfect matching in graph G corresponds to a feasible

RSSP solution which is optimal with regard to the max-Y_ objective and vice versa.

Proof. A feasible RSSP solution can easily be constructed from a perfect matching in
G: If some edge (s;,v;) is part of the matching, it means that spotter [ starts off with job
Jj. If then there is an edge (u;,vy) in the matching, that means that job j’ is the direct
successor of j. Finally, if there is an edge (uj, ¢y), it means that job j is the last job of
spotter [. Note that I’ need not necessarily be equal to I. Also, note that every job must
be performed by exactly one spotter, and each spotter must perform at least one job,
else the matching would not be perfect. Finally, seeing that edge weights correspond to
weighted buffer times, it is clear that a maximum weight matching implies optimality
with regard to F*“™.

By the same logic, this transformation can also be applied in reverse to create a maximum
weight perfect matching in G from a feasible RSSP solution which is optimal with regard
to F5U, O]
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Ezample (cont.): The maximum weight matching for our example is graphically depicted

in Figure D.3, corresponding to the same solution presented in Figure D.2a.

Figure D.3.: Optimal maximum weight matching in the example.

As the number of (potentially useful) spotters m is bounded by the number of jobs n,
the total number of vertices in G is bounded by O(n) and the total number of edges
by O(n?). Consequently, using, for example, the improved Hungarian algorithm (e.g.,

Burkard et al., 2009, Ch. 4), we get the following proposition.

Proposition D.1. RSSP with max-Y . objective can be solved in O(n?) time.

D.3.2. Objective max-min

We split solving RSSP with F™" objective into two parts. First, we will discuss how
to find a feasible solution to RSSP (if one exists) for some given minimum time buffer
F™" ie., a feasible solution where b(j)/w; > F™ . Yje J;0() > 1.

This problem can again be reduced to finding a perfect matching in a bipartite graph.
Let G(U UV, E) be a bipartite graph, where U and V' are two disjoint vertex sets and
E is a set of edges, each connecting a node in U to a node in V. Sets U and V are set

up exactly as described in Section D.3.1.

Set ‘E contains edges (s;,v;) as well as (uj,¢), VI = 1,...,m;j = 1,...,n, indicating
that job j is the first or last job executed by a spotter, respectively. Moreover, there is
an edge (uj,v;) if and only if (Cy —py — 0,50 — Cj)/wy > me, meaning that job j’
can only be performed right after job j by the same spotter if the weighted time buffer

between these two jobs is not below the given minimum I

Lemma D.2. There is a perfect matching in G if and only if there is a feasible RSSP
—=min

solution where b(j)/w; > F, Vj € J;0(j) > 1.

Proof. If there is a perfect matching in G, it can be transformed to a feasible RSSP
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solution exactly as explained in the proof of Lemma D.1. In such a solution b(j)/w; >
=min

F 7, V5 € J;0(5) > 1, must hold because of the way set E is constructed.

Conversely, if there is a feasible solution where b(j)/w; > me, Vj € J;0(j) > 1, holds,
there must also be a perfect matching in the corresponding graph G. In such an RSSP
solution, every job must clearly be the first or the last job of exactly one spotter, and/or
it must be the successor of exactly one other job, such that the weighted time buffer
between those jobs does not fall below F™" . In either case, the corresponding edge is
part of E. Since this holds for every job in the RSSP solution, G must permit a perfect
matching. O

Input: instance of RSSP
B:=0;// set of different buffer values
for j=1ton—1do
for / =j+1tondo
if Cj/ — Py — 6]‘7]‘/ - Cj Z 0 then
| B=BU{(Cy —pj — 85 — Cj)/wy'};
end
end
end
b := sorted list containing the elements in B in ascending order;
qmin =1
1 qmax = |B‘
12 repeat
13 q : L(qmzn + qmax)/QJ;

—-=mu

14 F™" .= the ¢-th element from b;

© 0 N oA W N R

[y
= o

15 try to find a perfect matching using F™" as per Lemma D.2;
16 if perfect matching exists then
17 qmin =q+1;
18 Q) := RSSP solution derived from perfect matching;
19 else
20 ‘ qm" =q—1;
21 end
22 until ¢™" > ¢gmar;
Output: RSSP solution Q) that is optimal with regard to the max-min objective
Algorithm 1: Solving RSSP with max-min objective.

Solving the matching problem as it is outlined above allows constructing a feasible
solution for a given objective value of F™™. If the optimal objective value F™"™* was
known, it would, therefore, be possible to generate a corresponding optimal solution.
To find the optimal objective value, we propose the scheme outlined in Algorithm 1.
This procedure is essentially a binary search scheme: The optimal max-min objective

value must be one of the possible weighted time buffers between jobs, i.e., F™"™* =
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(Cjr —pjr — 6,5 — Cj)/wjr, for some j,j" € J;j' > j. In Algorithm 1, the set of these
potentially optimal F''"" values is denoted as B. Sorting these values in ascending order
(list b in Algorithm 1), finding the greatest feasible and hence optimal F™ can be
implemented as a binary search on 6. If a given F™" value does not permit a feasible
solution, the F™" value must be too ambitious and is lowered in the next iteration. On
the other hand, if a feasible solution can be constructed, then the current 7 may be

too low and it is increased in the next iteration.
Ezample (cont.): The potentially optimal values, sorted in ascending order, for 7
are b = (0,2/3,1,4/3]. The greatest feasible value from b6 is 2/3. The perfect matching

—=min

for F = 2/3 is depicted in Fig. D.4, corresponding to the same solution presented in
Figure D.2b.

Figure D.4.: Perfect matching for = 2/3.

This leads us to the following proposition.

Proposition D.2. RSSP with max-min objective can be solved in O(n>logn) time.

Proof. The set of possible 7 values, B, can contain at most O(n?) distinct values.
Since binary search halves the search space in each iteration, it can sift through these
values in O(logn?) iterations, and in each iteration, a perfect matching problem in a
bipartite graph has to be solved, which can be done in O(n?) time. Consequently, the

total asymptotic runtime comes to O(n3logn). O

D.4. Computational study

The objective of our computational study is to answer the following research questions.
First, what is the computational performance of our proposed solution methods with
regard to both objectives and different yard sizes (Section D.4.2)? Second, do our
surrogate objectives indeed promote robustness to operational disturbances in a yard

terminal? Since no established testbed for RSSP instances exists, we describe how our
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test instances are generated in Section D.4.1. To address the second research question,
we apply a terminal simulation, whose setup is described in Section D.4.3. In the sim-
ulation study, we investigate the robustness of RSSP solutions in case of unexpected
disturbances (Section D.4.4). Specifically, we observe the effects of internal delays, i.e.,
unexpectedly prolonged (un-)loading times at docks, and external delays, i.e., delayed

arrivals of trailers at the terminal.

D.4.1. Instance generation

Our instance generation scheme is geared to the hub terminal of the aforementioned
postal service provider. Specifically, we first generate realistic truck schedules, and then,

based on those truck schedules, the corresponding RSSP instances are derived.

RSSP is an operational planning problem which has to be solved once truck schedules
(i.e., the where and when of trailer processing at the dock doors) are known. The
typical planning horizon for the truck scheduling problem is one day (Boysen et al.
(2017)). Thus, it is typically pointless to plan spotter schedules more than one day in
advance. Moreover, to reduce forecasting errors of input parameters (e.g., truck arrival
times, amount, and type of trailer loads, and their (un-)loading durations), it may be
advisable to schedule spotters for an even shorter planning horizon (e.g., one or even
half a work-shift). Given the operational character of RSSP, we aim to generate precise
spotter schedules. Therefore, to avoid rounding errors, a time unit in an RSSP instance

corresponds to one second of realtime.

Our trailer yard consists of a terminal and a parking lot. The terminal contains a set D
of dock doors where the goods are to be unloaded from incoming trailers and /or loaded
into outgoing trailers. The parking lot is divided into L parking lines, each of which is
located parallel to the docking wall and contains |D| parking positions. Thus, a set II of
parking positions in the terminal yard consists of [II| = |D| - L positions. Our instance
generator receives the number of dock doors |D| and the number of parking lines L as
input parameters that define the trailer yard size according to the dimensions of our

real-world terminal.

We assume that there are two-way roads in the whole yard so that spotters can move
in both directions everywhere. This way, we can easily derive the distance d, g between
any pair of positions o and § in the trailer yard («, 8 € {DUII}). The schematic layout
of a trailer yard with |D| = 5 dock doors and L = 3 parking lines is depicted in Figure
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D.5. Note that a detailed description of how the distances in the yard are calculated is
given in Appendix D.6.

spotter

door

“

/

‘ docked semi-trailer

Y
¢ o0’

parking line

\ | ;H
|

space between

parking lot and
terminal

parking lot

Figure D.5.: Schematic layout of the trailer yard for instance generation.

In line with the planning parameters applied at our real-world case, we assume that a
spotter without attached semi-trailer moves with a constant speed of v/ = 5m/s (i.e., 18
km/h) while the speed of a spotter coupled with a semi-trailer is assumed to be v* = 3
m/s (i.e., 10.8 km/h). Furthermore, we assume that semitrailer coupling and uncoupling

(including parking and pulling out) always last A¢ = 30 and A" = 20 s, respectively.

As a first step, to generate a feasible truck schedule for a given set of trucks I, for each
truck ¢ € I, we randomly determine its arrival time a;, parking position 7; in the yard,
and handling time h; at the dock door (i.e., duration of the (un-)loading of the trailer).
For the sake of simplicity, we assume that the number of trucks |I| in the planning
horizon is equal to the total number of parking positions in the parking lot (|| = |II}).
This way, each truck ¢ € I is associated with exactly one parking space and vice versa.
Note that most large trailer yards are located in rural areas where land is not that
costly. Thus, this simplifying assumption should seldom be a shortcoming. We assign
each trailer ¢ to a parking position m; randomly while taking into account that to each

parking position m;, exactly one trailer is assigned (m; # m|Vi, i € I;i # 1').
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It is well known that the truck scheduling problem can be modeled as a parallel machine
scheduling problem (Tadumadze et al., 2019, 2020b). Thus, we generate arrival times
and (un-)loading times of trucks similarly to the instance generation scheme proposed by
Hall and Posner (2001). Specifically, handling time h; for each trailer ¢ € I is drawn from
a normal distribution with an expected handling time of 30 min and variance of 6 min
(ie., u = 1800, 02 = 6). Furthermore, to generate arrival times a; for each truck i € I,
the inter-arrival times of two successive trucks are randomly drawn from an exponential
distribution with mean \ = ﬁ (starting at a; = 1800). Note that all input parameters

are assumed to have deterministic values.

To derive a truck schedule, we first sort trailers according to their arrival times a; and
then assign each trailer ¢ € I to the next free dock door g; € D and (un-)loading time
window “first come first serve.” As a result, for each truck i € I, start (s;) and end

(e; = s; + hi) of (un-)loading is determined.

Finally, for each trailer ¢ € I, the relative importance r; of its truckload is drawn ran-

domly with a uniform distribution from the interval [1,5].
Each trailer 7 is associated with exactly two jobs for spotters j and j':

e j: transport of trailer ¢ from parking position m; to dock door g; with processing

time p; = A°+ Trii 4 \u (i.e., transport time of the trailer from the parking

b
position to the dock door) and completion time C; = s; (i.e., the trailer transport
job is completed when the trailer has been set down at the door and its (un-)loading

starts),

e j': return the trailer from g; to m; with pj; = A+ Boimi | A% and Ci = e; +pj.

b

Setup times ¢;; for each pair of jobs j,j' € J are determined by dividing dgj,aj, (the
distance between the end position ; of job j and the start position a; of job j') by

dﬁjﬂj/

constant speed v/ of an empty spotter, i.e., ;50 = —7. The weight of each job j € J

is derived as w; = r; - rnd[0.5,2] where rnd denotes a uniformly distributed random
number from the interval in the argument. This way, the weight of the job on the one
hand depends on the relative importance of the corresponding trailer and, on the other
hand, it is randomly re-weighted in respect of some other job-specific issues (e.g., urgency

at the corresponding dock door, or a pressing truck departure time).

We have implemented our algorithms, including the shortest augmenting path algorithm

by Jonker and Volgenant (1987) for finding a (maximum weighted) perfect matching in a
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bipartite graph, as well as the simulation model in C# 6.0. All tests have been executed
on an x64 PC with an Intel Core i7-8700K 3.70 GHz CPU and 64 GB RAM. The
generated RSSP instances are available and can be downloaded using the following DOI:
10.5281/zenodo.3925356.

D.4.2. Computational performance

In this section, we investigate and compare the computational performance of the pro-
posed algorithms (i.e., max-)_ and max-min). To do so, we generate RSSP instances
with our instance generator. Specifically, we assume three differently sized terminals
consisting of |D| = 20, |D| = 50, and |D| = 200 doors (in the rest of the text the three
different terminal sizes are dubbed S, M, and L). For each terminal size, we presup-
pose four different numbers L € {2,3,4,5} of parking lines which, together with |D|,
determine the size of the parking yard |II|, the number of trucks |I|, and the number of
transport jobs n = 2-|I| in the planning horizon. Furthermore, for each terminal size, we
assume three different spotter fleet sizes m. The applied input parameters are summa-
rized in Table D.2. For each parameter combination, our instance generator generates
10 RSSP instances, so that in total there are 360 RSSP instances for the computational

performance test.

Table D.2.: Parameters for instance generation of computational performance test

Terminal size

Parameter S M L
|D| 20 50 200
L (2,3,4,5) (2,3,4,5) (2,3,4,5)
|| (40,60,80,100) (100,150,200,250) (400,600,800,1000)
n (80,120,160,200)  (200,300,400,500) (800,1200,1600,2000)
m (20,30,40) (50,75,100) (200,300,400)

Table D.3 summarizes the aggregated computational results of the algorithmic perfor-
mance test. Each row in Table D.3 contains the results averaged over the 10 problem
instances of the same size. For each algorithm (i.e., max-) | and max-min), we report the
average computational time that is required to obtain the optimal solution (column “CPU
sec”). For comparison, we also evaluate both objective values F™" and F*“™ (columns
“«[min? and “ FSUT ? respectively), even if the other objective function is pursued. Thus,

we solve RSSP under the max-) | objective and evaluate the resulting optimal solution
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Table D.3.: Results of computational performance test

Instance size max-y max-min

m n CPU sec Frsum Fmin CPU sec Frsum Fmin
Terminal size: S

20 80 0.01 673,732.80  0.10 0.02 529,380.10  109.30
30 80 0.01 8877,59.20  0.20 0.02 754,772.10  259.33
40 80 0.01 1,067,874.70  2.50 0.02 976,983.00  284.50
20 120 0.02 957,800.50  0.03 0.05 688,786.00  107.75
30 120 0.02 1,363,439.70  0.00 0.05 1,071,680.30  221.38
40 120 0.02 1,616,270.30  0.00 0.06 1,333,432.80  278.46
20 160 0.04 1,130,077.30  0.00 0.12 777,390.70 90.10
30 160 0.04 1,640,356.70  0.00 0.12 1,194,765.80  210.72
40 160 0.04 2,065,274.30  0.00 0.13 1,617,540.10  277.67
20 200 0.06 1,316,235.40  0.00 0.24 834,793.70 61.13
30 200 0.07 2,030,708.50  0.00 0.26 1,442.855.30  213.05
40 200 0.07 2,577,453.60  0.00 0.27 1,947,120.30  281.76
Mean (S) 0.08 1,443,915.25  0.24 0.11 1,097,458.85  199.60
Terminal size: M

50 200 0.08 2,801,623.40  0.35 0.27 2,234,450.30  271.04
75 200 0.08 3,384,937.90  0.65 0.29 2,958,384.40  261.79
100 200 0.08 3,999,989.70  1.68 0.32 3,732,210.60  286.27
50 300 0.22 3,895,340.30  0.00 0.95 2.843.258.20  268.39
75 300 0.24 5,458,433.00  0.18 1.07 4,367,426.00  288.90
100 300 0.25 6,300,740.30  0.33 1.09 5,420,223.30  280.31
50 400 0.46 5,142,676.80  0.00 2.41 3,567,202.20  277.59
75 400 0.49 7,124,042.70  0.03 2.53 5,354,420.40  285.28
100 400 0.53 8,992,119.00  0.00 2.70 7,223.840.40  298.59
50 500 0.83 6,435,699.20  0.00 4.97 4,265,949.10  251.84
75 500 0.90 9,238,427.70  0.08 5.28 6,603,872.90  266.86
100 500 0.96 11,516,821.00  0.08 5.56 8,846,761.80  297.87
Mean 0.48 6,190,904.25  0.28 2.29 4,784,833.30  277.89
(M)

Terminal size: L

200 800 4.09 32,045,392.00  0.00 26.34  25,975,279.00  272.16
300 800 4.40 38,253,184.00  0.13 27.60  34,427,745.00  278.55
400 800 4.54 46,529,532.00  0.25 30.00  44,087,069.00  266.96
200 1200 11.97  53,432,412.00  0.00 93.21  39,669,969.00 274.18
300 1200 13.21  68,786,194.00  0.00 97.63  56,381,906.00  276.93
400 1200 14.17  79,158,212.00  0.00 100.31  69,536,510.00  265.67
200 1600 26.16  73,286,205.00  0.00 226.35  51,825,850.00  265.62
300 1600 29.02  102,827,090.00  0.00 241.58  79,509,343.00  286.44
400 1600 30.82  119,421,480.00  0.00 246.04  98,797,397.00  263.93
200 2000 48.74  96,623,679.00  0.00 456.86  65,889,463.00  264.14
300 2000 52.79  132,979,290.00  0.00 47317 97,712,393.00  284.98
400 2000 56.47  158,843,290.00  0.00 481.95  125,592,390.00 269.38
Mean (L) 24.70  83,515,496.67117.03 208.42  65,783,776.17 272.41
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with the objective function of the max-min problem (and vice versa). Note that the

F™n yalues are only optimal when the max-min problem is solved; analogous for Fs“™

and max-) .

Our experiment shows that both algorithms are well suited for solving RSSP to opti-
mality in short computational time. Even in the most extreme cases, the computational
times of the hardest problem instances for the large terminal yard (scheduling n = 2,000
jobs on m = 300 or m = 400 spotters) do not exceed 1 min when total weighted buffer
time (i.e., objective max-)_) is maximized and 8 min in case of objective max-min,
respectively. For all problem instances, the computational times under the max-)_ ob-
jective are always shorter compared to the max-min case. On the other hand, maximizing
the total weighed buffer time apparently comes at the cost of low-weighted jobs receiving
very short or even no buffer times. This can be seen in the F™" values of the solutions
where the min — Y objective is applied, which are always close to zero (column “ F™"”
for the max-) objective). This may damage the robustness of solutions, because in case
of unforeseen events during plan execution, delays can propagate. We investigate this
further in Section D.4.4.

Avg computational times for different terminal sizes
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Figure D.6.: Impact of terminal size on computational times

Unsurprisingly, the terminal size strongly affects the computational times of both al-
gorithms. The average computational times of both algorithms for the three terminal
sizes (i.e., S, M, and L) are depicted in Figure D.6. We further observe the impact of
n (i.e., the number of transport jobs) and m (i.e., the number of spotters) on problem
complexity. According to the experimental results, the spotter fleet size m has only a
negligible impact on the problem complexity, while the number of transport jobs n seems
to have a considerable influence on the computational time. Figure D.7 depicts the aver-

age computational times for instances with varying numbers of jobs n for each terminal
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size. In all cases, with the increase in parameter n, the average computational times of

both algorithms increase super-linearly, although max-) scales better than max-min.
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Figure D.7.: Impact of n on computational times

It can be concluded from the performance test that our solution algorithms seem well
suited for practical applications. They deliver optimal solutions quickly even for very
large yards, and the solution times are short enough to promptly return solutions when-

ever a replanning may be required during daily operations.

D.4.3. Setup of simulation study

In this section, we investigate whether RSSP solutions are actually robust against un-
foreseen delays that may occur during the execution of spotter schedules. To do so, we
build a simulation model where some random events are simulated and the robustness
of the solutions is evaluated. In the following, we describe the setup of our simulation

model.

As a prototype terminal of our simulation model we select a medium-sized terminal with
|D| = 50 doors, |II] = 300 parking positions, and |I| = 300 trucks leading to n = 600
transport jobs. Furthermore, we vary parameter m (i.e., the number of spotters) between
the following nine different values: m € {20, 30, 40, 50, 60, 70, 80,90, 100}. Again for each
fleet size, we generate ten RSSP instances, so that for the simulation study we generated
90 RSSP instances in total.

We aim to observe the robustness of both objectives against unexpected disturbances.
Therefore, for each generated instance, we simulate some random delays. In particular,

we consider the following two kinds of disturbances:

e External disturbance at: Some trucks may arrive later at the terminal yard than

119



Chapter D. Yard truck scheduling

expected. The original arrival time a; of delayed truck ¢ is modified to a; = a; —|—af,

where a;r denotes the amount of delay of truck 3.

e Internal disturbance h™: The (un-)loading of some semitrailers may last longer
than expected so that the handling time of such a trailer ¢ at the dock is prolonged
h. = h; + h; with b} defining the amount of delay.

For both kinds of disturbances our simulation model receives two predefined input pa-

rameters:
e the probability that a disturbance for a truck occurs: p(a™) and p(h't) as well as
e the maximal amount of delay [in min| that can occur: max(a™) and maz(h™).

Given these parameters, for each truck ¢ the simulation model first randomly decides
whether or not it arrives with delay. If so, the amount of delay a;r is drawn randomly
from a uniform distribution in the interval [0, max(a;")]. Internal delays are determined
analogously. To observe the effects of delays, we vary the input parameters in the
following ranges p(a™) € {5,10,20} [%] and maz(a™) € {10, 20, 30,40, 50,60} |min| as
well as p(h™) € {5,10,20} |%] and max(h™) € {10, 20, 30,40, 50,60} [min]. The input

parameters of our simulation study are summarized in Table D.4.

Table D.4.: Parameters for instance generation of simulation study

Parameter [unit] Value(s)
D) 50
L 6
1] 300
n 600
m (20,30,40,50,60,70,80,90,100)
p(a™) [%] (5,10,20)
maz(a™) [min] (10,20,30,40,50,60)
p(h™) [%] (5,10,20)
maz(ht) [min] (10,20,30,40,50,60)

After generating these random disturbances, an original RSSP instance P can be modi-
fied to P’. To do so, we reassign each truck ¢ € I to the new (un-)loading time window
according to the modified parameters a; and h}. Note, however, that we keep the door
assignment of each truck as derived in the original truck schedule. This is because chang-

ing the door assignment on short notice triggers new problems inside the terminal. For
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instance, the goods dedicated to a specific outbound trailer are typically assembled (e.g.,
picked from a warehouse) over a longer period of time and placed in the outbound area
directly in front of the respective dock door. Changing the dock door on short notice
would require to move these goods to the new dock, which produces double handling

and increases the probability of misplaced shipments.

Once our instance generator has produced an RSSP instance P, we solve it with re-
gard to both objectives and store the corresponding optimal spotter schedules Q(P)%,,.,
and Q(P)F ;... Moreover, to benchmark our robust spotter schedules against non-robust
schedules, we additionally solve P to feasibility (by finding a perfect matching in the
corresponding initial bipartite graph without considering any objectives) and store the
resulting solution Q(P) feqs too. Subsequently, our (simulated) disturbances occur, which
leads to the modified RSSP instance P’. We evaluate the modified instance P’ with the
three fixed schedules (i.e., Q(P)%,., QUP)rin, and Q(P) feas) and observe whether the
new job completion times CJ’- of P’ are violated. Specifically, each spotter s € S exe-
cutes the transport jobs in the given sequence ws according to the fixed spotter schedule
(QUP) s> QUP)Yins OF QUP)feqs), which represent the schedules derived prior to the

occurrence of disturbances. Given these fixed spotter schedules originally determined

for P, we can derive whether our two robustness measures protect us against the distur-

bances of P’.

To compare the robustness of the schedules, we compute the lateness [; = max{0; %}
of each job j € J [measured in min|, where t; denotes the actual execution time of job
J (i.e., the execution time of job j when P’ is evaluated according to original spotter
schedule Q(P)%,,., Q(P)F i, or Q(P)feqs). Then based on the lateness of the job, we
derive the following three performance measures, which evaluate the solution quality

(i.e., robustness):

o Average weighted lateness: We define the average weighted lateness AW L of all
jobs as the weighted sum of every jobs’ lateness divided by the total number of
jobs n: AWL = Lgesvily,

n

e Truck-related lateness: To reduce the delay of goods, terminal yards aim to provide
(external) trucks with their (loaded or empty) semitrailers in a timely manner just
as agreed. Thus, our external performance measure, average truck-related lateness
TRL, calculates the total lateness of those jobs that are associated with bringing

trailers from the terminal back to their parking position divided by the number of
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trucks |I].

e Dock-related lateness: While the previous performance measure is geared to the
external stakeholders of the yard, our third performance measure, average dock-
related lateness DRL, is primarily relevant for the internal processes within the
terminal. Specifically, D RL measures the total lateness of those transport requests
whose target position is a dock door divided by the number of dock doors |D].
Such lateness leads to unforeseen waiting times at the dock doors and delays the

processing of incoming goods inside the terminal.

The lower these three lateness measures for the schedules, the larger their protection

level against unforeseen disturbances, which is evaluated in the following section.

D.4.4. On the impact of robust spotter scheduling

In this section, we benchmark the robustness of our two objectives max-) . and max-
min if unforeseen disturbances occur during the execution of a spotter schedule. To do
so, we solve the 90 generated RSSP instances to feasibility as well as with regard to
both objectives and store the solutions. Then, we simulate disturbances, evaluate the
modified data with the original spotter schedules derived for the initial (undisturbed)

problem instance, and calculate our three lateness measures.

First, we observe robustness in case of only external disturbances, i.e., when some trucks
arrive later than expected. For this, we simulate each problem instance in 18 different
scenarios, where the values of external disturbance parameters, p(h™) and max(h™),
are varied in the ranges given in Table D.4. Recall that the higher the former (lat-
ter), the more often external disturbances occur (the larger the delay of a late truck).
Afterward, we address exclusively internal disturbances, i.e., some semitrailers require
a longer processing time than expected. Here, we vary the probability p(h™*) of the
prolongation of a trailer’s handling time at a dock and the maximal duration maz(h*)
of the delay. Finally, we investigate the most realistic scenario when both kinds of
disturbances—i.e., internal and external delays—occur simultaneously. Specifically, we
simulate both kinds of delays at the same time by varying all parameters p(a®) = p(h™),
and mazx(at) = max(h™) in the ranges given in Table D.4. As a result, each of the gen-
erated 90 instances is simulated in 54 different scenarios, each of which is solved and

evaluated three times (to feasibility and with regard to both objectives).
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Aggregated results of our simulation study are visualized in Figures D.8, D.9 and D.10.
Specifically, Figures D.8 and D.9 display the results for either external or internal distur-
bances, respectively, while Figure D.10 shows the results when both kinds of disturbances

occur simultaneously.

Compared with non-robust solutions, applying the right robustness measure, i.e, the
max-min objective, allows to protect against disturbances, and the lateness can be almost
completely avoided (see slightly rising slopes of all three performance measures using the
max — min objective). The optimal schedules with regard to our max-)_ objective do
not deliver results as good as those optimized using the max-min objective. This is due
to objective max-) | generally favoring solutions where high-priority jobs (i.e., those with
large weight w;) receive generous buffers, while some or many other transport jobs have
(almost) no buffer. Since any delay of a single job—even if it is a low-priority job—can
lead to cascades of further delays of successive jobs, it is helpful to protect all jobs with

buffer time, which is what the max-min objective promotes.

In general, the rising curves in all figures indicate that the robustness of initial sched-
ules gets worse when the expected delay duration increases. Furthermore, the steeper
slopes of the curves in scenarios with higher delay probabilities show deteriorating initial
schedules when delays occur more frequently. Improvements of the robust schedules, i.e.,
optimized with regard to the max-min objective, compared with non-robust schedules
are more remarkable for the scenario when both kinds of disturbances occur rather than
when either exclusively internal or external delays are simulated. This can be seen in
the steeper slopes of the curves in Figure D.10 than the slopes from Figures D.§ and
D.9. Note that the different graphics apply varying scaling factors and bounds on the

y-axis.

Spotter schedules optimized with regard to the max — min objective can effectively pro-
tect the terminal from dramatic cascades of delays. Even for the most extreme scenario,
i.e., when both kinds of disturbances occur with the largest probability and the longest
delay duration (p(h') = p(a™) = 0.2 and maz(h™) = maz(a™) = 60), the average
weighted lateness is still reasonable when spotter schedules are optimized according to
the max-min objective: AW L < 44. Thus, in spite of the disturbances, external trucks
can be processed almost always on time as planned (T'RL < 15 min) and our bottleneck
resource, the dock doors, do not suffer considerably from delayed jobs (DRL < 63 min).
Non-robust random solutions, however, lead to considerable delays. For the same sce-
narios, our lateness measures exceed AW L > 277, TRL > 81, and DRL > 376. In other
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Figure D.8.: Comparison of solution robustness in case of external delays
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Figure D.9.: Comparison of solution robustness in case of internal delays
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Figure D.10.: Comparison of solution robustness in case of internal and external delays
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words, the average waiting time of trucks can be reduced by about 80% (from more than
81 min to less than 15 min) and the average waiting time of a dock door can be reduced
by more than 83% (from more than 376 min to less than 63 min) if instead of non-robust

schedules a suited robustness measure (i.e., the max-min objective) is applied.
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Figure D.11.: Impact of spotter fleet size on solution quality

Moreover, we explore the impact of the spotter fleet size m on robustness. In particular,
we observe the average values of our three performance measures when executing the
spotter schedules derived for the original instances P on the disturbed instances P’ with
different fleet sizes. The aggregate results are displayed in Figure D.11. We would
expect additional spotters to make it easier to increase buffer times since there is more
flexibility to shift jobs among the vehicles. And indeed, this is what the results indicate.
The decreasing curves of all three charts show an improvement of solution quality (i.e.,
less lateness) when the spotter fleet size grows. Note that this observation is clearly
visible for the robust schedules (i.e., max — min and max — ) ), while the spotter fleet
sizes seem to have less impact on non-robust (i.e., random) schedules. These results
can be helpful from a managerial viewpoint at the tactical planning level when deciding
on the fleet size. For larger trailer yards, which require a greater spotter fleet anyway,
the additional flexibility of swapping jobs among spotters enables sufficient protection
against disturbances (when planning with the right robustness objective). For smaller
yards and smaller spotter fleets, the pooling effect is much smaller, so that additional

stand-by spotters should be procured to support the permanent fleet during peak-hours.

To get a better idea of how objectives max — > | and max — min are interrelated, we max-
imize the weighted sum of buffer times for a given aspiration level of F"". Specifically,
we first forbid all solutions with an F™" value of less than the given aspiration level,
deleting the matching edges from the corresponding graph as described in Section D.3.2.

Then, we solve the RSSP instance with regard to our max — > objective.

To illustrate this approach, we solve a random RSSP instance with n = 500 jobs, m = 150
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Figure D.12.: Simulation results using max — . objective with given aspiration level for
Fmin

spotters, and D = 50 dock doors. The aspiration level F™" is iteratively increased
from 0 by 10, until it reaches the point where the RSSP instance cannot be solved to
feasibility. Further, we simulate internal and external disturbances with our simulation
model using the parameters p(h™) = p(a™) = 0.2 and maz(h*) = maz(a®) = 60 and
evaluate robustness by measuring AW L, DRL, and TRL.

Figure D.12 visualizes the Pareto frontier for the RSSP instance (i.e., optimal objective
values F*“" for given aspiration levels F") and the robustness measures of each Pareto
optimal solution. As expected, F*“" and F™" are inversely correlated: the higher
F™n  the lower F*“" because a high minimum buffer constrains the feasible search
space among which to pick the best F*“™ solution. However, although a higher value
of F™" leads to lower (i.e., worse) F*“™ values, it promises better scores on each of
three performance measures AW L, TRL, and DRL. These results support the previous
findings that our max — min objective yields spotter schedules that are more robust than

those of the max — ) objective.

D.5. Conclusion and future research

This paper aims to reduce turmoil in large trailer yards resulting in considerable waiting
times for the trucks up to several hours in many real-world applications (for examples
see Section D.1). Existing solution approaches primarily address the demand side and

aim to spread out truck arrivals over the day, e.g., by applying internet booking plat-
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forms. We, however, show that robust internal schedules can successfully avoid that
unforeseen delays propagate among successive jobs and considerable waiting times ac-
cumulate. We specifically address the assignment of transport jobs (i.e., semitrailers to
be moved between the trailer yard and the dock doors of a terminal) to a fleet of spot-
ters. By introducing time buffers among successive jobs assigned to the same vehicle,
our computational study shows that waiting times of trucks and idle times at the dock
doors of the terminal can be reduced considerably. In a simulation study, especially the
max-min objective, which maximizes the minimum time buffer among all successive job
pairs, is shown to successfully protect schedules against unforeseen delays. We present
a solution procedure for the resulting robust optimization problem that is solvable in
polynomial time so that even for very large trailer yards and long planning horizons,

optimal solutions can be obtained quickly.

Our robust solution approaches are not bound to spotter scheduling in trailer yards, so
that future research should evaluate other applications of our robust interval scheduling.
A systematic benchmark study including multiple applications and alternative robust-
ness measures would be a valid contribution to further promote the integration of time
buffers to protect against uncertainty in a simple and straightforward manner. Thanks
to the short computational times of the proposed algorithms, they can also be applied
in a dynamic environment where unforeseen events require a repeated (re-)planning on
rolling horizons. The only adaption of our solution approaches for such an application
is that some spotters are still blocked at the beginning of the current planning horizon
by jobs not yet completed. While the algorithmic adaption is truly straightforward,
future research should evaluate our solution approaches when planning on rolling hori-
zons. Further computational tests should also compare the proposed approaches with
online scheduling, stochastic optimization, and alternative robust optimization tech-
niques. Another important future research task may integrate spotter scheduling with
truck scheduling in a holistic approach since these two problems are clearly heavily in-
terdependent. Recall that the proposed algorithms solve the spotter scheduling problem

in polynomial time and may thus be part of a decomposition scheme.
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Appendix

D.6. Appendix: Distance calculations in the trailer yard

This appendix provides a more detailed explanation of how the distances in the yard

within our test instances are calculated. It, thus, complements Section D.4.1.

When calculating distances, we take into consideration dock and yard safety distances,
apron spaces between docked and parked trailers, minimum road widths, and parking
angles as defined by the widespread dock planning standards elaborated in NTT (2013).
Table D.5 summarizes the values of the applied safety distances in the yard, which
are visualized for an example layout in Figure D.13. We derive the shortest distances
between any pairs of positions in the trailer yard as the sum of total horizontal and
vertical distances including the (un-)parking buffers. Figure D.13 includes some example

distance calculations between four selected positions «, 3,7, e € {D UII}.

Table D.5.: Input (safety) parameters for trailer yard

Values

Parameter Foot(’) / inch (") Meter

Trailer length (with tractor) 53’ 16.1544
Trailer width 96” 2.4384
Trailer center distance (docked) 12 3.6576
Trailer center distance (parked) 12’ 3.6576
One-way access road width 13 3.9624
Two-way access road width 26’ 7.9248
Apron space docked trailer 159’ 48.4632
Apron space parked trailer 88’ 26.8224
Distance parking - terminal 328.084 100
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Figure D.13.: Yard layout with safety parameters and distance calculations
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Chapter E.
Unrelated parallel machine scheduling*

Abstract: This chapter addresses scheduling a set of jobs with release dates and dead-
lines on a set of unrelated parallel machines to minimize some minmax objective. This
family of problems has a number of applications, e.g., in discrete berth allocation and
truck scheduling at cross docks. We present a novel exact algorithm based on logic-based
Benders decomposition as well as a heuristic based on a set partitioning reformulation
of the problem. We show how our approaches can be used to deal with additional con-
straints and various minmax objectives common to the above-mentioned applications,
solving a broad class of parallel machine scheduling problems. In a series of compu-
tational tests both on instances from the literature and on newly generated ones, our
exact method is shown to solve most problems within a few minutes to optimality, while
our heuristic can solve particularly challenging instances with tight time windows well

in acceptable time.

*This chapter has been published as: Tadumadze, G., Emde, S., Diefenbach, H. (2020): Exact and
heuristic algorithms for scheduling jobs with time windows on unrelated parallel machines. OR
Spectrum 42, 461-497.

132



Chapter E. Unrelated parallel machine scheduling
E.1. Introduction

Scheduling problems concern themselves with assigning tasks to limited resources (pro-
cessors / machines) over time. As such, they play a central role in most logistics and
production processes. In this context, this paper deals with variations of the following

basic problem.

Given are a set of jobs J = {1,...,n}, where each job is associated with a release date
r; € RT and a deadline d; € RT, and a set of processors (or machines) P = {1,...,m},
where it takes p;; € RT time units to process job j on machine . The machines are
unrelated, meaning that some jobs may be processed faster on some machines than on
others, and preemption is not allowed. On what processor and at what time should
each job start processing such that no two distinct jobs are processed at the same time
on the same machine, the time windows are observed, and some minmax objective is
optimized? In classic machine scheduling literature, using the notation introduced by
Graham et al. (1979), this problem is denoted as [R|r;, d;|]-

A schedule S for [R|r;,d;|] is defined as a set of triples (i,7,t) € S, indicating that job
j € J is assigned to processor i € P starting at time ¢t € R*. We say that a schedule is

feasible if it meets the following conditions.

e Each job is assigned exactly once, i.e., for each job j € J, there is exactly one triple
(1,5,t) € 5.

e No job is scheduled before its release date or finishes processing after its deadline,
ie., V(i,j,t) € S, it must hold that r; <t < d; — p;;.

e No two jobs may occupy the same processor at the same time, i.e., for each pair
of triples (4,7,t), (i, j',t') € S, j # j', it must hold that i # ' or ¢ + p;; < t’ or
t' +pijy <t

Scheduling with time windows on unrelated parallel machines has multiple practical
applications. One prime example is berth allocation at maritime container terminals,
where calling vessels are assigned time and space at the quay wall. We can equate
ships with jobs and berths with processors. Another example is truck scheduling at
distribution centers or manufacturing plants, where incoming trucks have to be assigned
to dock doors. In this context, incoming trucks correspond to the jobs and dock doors

to processors. In both of these applications, it is very common to have given arrival
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and departure times (i.e., time windows) for each transport device (i.e., vessel or truck).

These applications are discussed in more detail in Section E.2.

Inspired by these applications, we discuss the following generalizations of the base prob-

lem.

o Processing set restrictions: Especially in the berth allocation context, it is possible
that certain ships are incompatible with certain berths due to draft limitations
(e.g., Xu et al., 2012). In machine scheduling parlance, this means that certain

jobs are incompatible with certain machines.

o Machine availability: Especially in a rolling horizon framework, some machines
may not be ready before a given time (e.g., Imai et al., 2001, in the berth schedul-
ing context). In this case, no job may be scheduled on a given machine before the

machine is ready.

e Tuils: Jobs may have tails (also called delivery times), where they do not block
any machine but still remain active. This is especially relevant for truck scheduling
applications, where it may not be enough for a truck to finish processing at a door
before the due date, but the shipments need to actually arrive at their destinations
(e.g., another door for transshipment) to be considered on-time (e.g., Tadumadze
et al., 2019).

We investigate three alternative minmax objectives that are relevant for both of the

above-mentioned applications.

e Makespan: Tt is typically desirable to quickly clear the terminal (i.e., have the
last job finish as soon as possible) for successive planning runs (e.g., Boysen and
Fliedner, 2010). Consequently, a schedule S is optimal with regard to makespan if
it minimizes

C(S) = t+ i) E.l
(S) (Eff}’és{ + pij} (E.1)

o Mazimum (weighted) flow time: It is important for terminals to serve every cus-
tomer (i.e., transport device) in a timely manner. The flow time of a job corre-
sponds to the total service time of the transport device in the terminal (i.e., the
time from its arrival until it finishes processing) and is calculated as the difference
between its completion time C; and its release date r;. In the literature, it is

common to minimize the (weighted) sum of flow times ) w;F;, where each job
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J € J may additionally have a priority weight w; (w; > 0), indicating its relative
importance (e.g., Cordeau et al., 2005, Boysen, 2010). While > w;F}; leads to
low (weighted) service times for the average customer, it does not preclude long
service times for some individual customers. We therefore consider the maximum
(weighted) flow time wF.x which aims to minimize the service time of the worst

served customer, defined as:

FmaxS: - (t i —T5)s5-
w (S) (ig}gés{wj (t+pij —75)}

e Mazimum (weighted) lateness: In real life, it is not always possible to achieve a
feasible solution without violating any time windows. In such cases, a more useful
objective may be to minimize the maximum violation of the due dates. In other
words, deadlines Ej become due dates d; and the corresponding constraint becomes
soft. The lateness of job j is defined as the difference between its completion time
C; and its due date d;. For many terminals, it may be reasonable to minimize the

maximum (weighted) lateness w Ly, defined for our problem as follows:

Lonax (S) = (4 pis — di)).
w (S) (i%}és{w] (t +pij — dj)}

The main contribution of this paper is a novel logic-based branch and Benders cut
scheme, which is shown to solve many realistic problem instances to optimality in rea-
sonable time, decisively outperforming a commercial optimization solver. To the best of
our knowledge, it is the first such algorithm to be proposed for this family of unrelated
parallel machine scheduling problems with time windows. For even larger and/or harder
instances, we propose a heuristic procedure based on a generalized set partitioning for-
mulation. Our exact and heuristic approaches are very flexible and can be easily adapted
to account for problem generalizations and special cases as well as different minmax ob-
jectives, such that a broad class of parallel machine scheduling problems with minmax
objectives can be solved. Our computational tests show that hundreds of realistically
sized instances from both the literature and systematically generated ones can be solved

to optimality in acceptable time.

The remainder of this paper is organized as follows. In Section E.2, we review the
pertinent literature and discuss real-world applications of our scheduling problem in

more detail. In Section E.3, we introduce a novel branch & Benders cut scheme as
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well as a heuristic column selection algorithm for this problem, respectively. We extend
our approaches to cope with additional constraints and alternative minmax objectives
in Section E.4. In Section E.5 performance of our algorithms is tested on benchmark

instances in a computational study. Finally, Section E.6 concludes the paper.

E.2. Literature review and applications

In the literature, the problem of scheduling a set of jobs with given release dates and
deadlines on unrelated parallel machines to minimize the makespan is expressed by the
triple [R|r;,dj|Cmax]. For an overview on machine scheduling in general, see Pinedo
(2016).

Concerning scheduling on unrelated parallel machines with a makespan objective in par-
ticular, it is extensively studied by Lenstra et al. (1990), who show that the approxima-
tion ratio for [R||Cmax| is at least 3/2 unless P = NP. The same authors also develop a
polynomial time 2-approximation scheme. An improved (2—1/m)-approximation scheme
with computational time O(m?) is developed by Shchepin and Vakhania (2005). Fur-
thermore, for the special case where each job can be assigned to at most two machines
with the same processing time, Ebenlendr et al. (2014) proposed a 1.75-approximation
algorithm. More recently, Knop and Koutecky (2017) introduced a method to solve the

(©%) . po) time, where © = max;epjes{pi;}*, and K is the number

problem in ©¢
of different types of machines. Mokotoff and Chrétienne (2002) develop an exact and a
heuristic algorithm based on a cutting plane scheme to solve [R||Cpax]. Another success-
ful solution procedure to solve this problem based on a recovering beam search heuristic
is proposed by Ghirardi and Potts (2005). In contrast to traditional beam search, their
algorithm contains a recovering phase, which allows substitution of dominated solutions
by alternative more promising solutions from the previous stage. Moreover, Fanjul-
Peyro and Ruiz (2010, 2011) develop heuristics for [R||Cmax| based on iterated greedy
local search methods and size reduction heuristics. Further metaheuristics for [R||Ciax]

are presented by Lin et al. (2011) and Sels et al. (2015).

Regarding the inclusion of release dates, Lancia (2000) proposes a branch and bound
scheme to schedule jobs with release dates and tails on two unrelated parallel machines,
minimizing the makespan [R2|rj, ¢;|Cmax|. A similar scheduling problem for identical
parallel machines subject to job release dates and tails minimizing the makespan is

investigated by Gharbi and Haouari (2002). They develop branch and bound algorithms
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and propose a new tight branching scheme for [P|r}, ¢;|Cmax|. In Section E.4, we discuss

how our own algorithms can be extended to account for nonzero delivery times.

Regarding logic-based Benders decomposition for parallel machine scheduling, Jain and
Grossmann (2001) propose a decomposition approach which combines solving a mixed-
integer linear programming (MILP) model and a constraint programming (CP) model to
solve an unrelated parallel machine scheduling problem with time windows to minimize
the total cost, which depends on the job-machine assignment. Their approach, which is
similar to logic-based Benders decomposition, is tested on instances with up to n = 20
jobs and m = 5 machines. Tran et al. (2016) study the unrelated parallel machine
scheduling problem with sequence and machine-dependent setup times and a makespan
objective [R|sds|Chax]. They develop a logic-based Benders decomposition approach
where the master problem (i.e., assignment of jobs to the machines) is solved via MILP
techniques and the subproblems (i.e., sequencing jobs) via a specialized solver for the
traveling salesman problem (TSP). In a computational study, instances with up to n = 60
jobs and m = 5 machines are solved to optimality, while instances with up to n = 120 jobs
and m = 8 machines are solved heuristically. Gedik et al. (2016) develop two logic-based
Benders decomposition algorithms for a parallel unrelated machine scheduling problem
with sequence dependent setup times. Their problem additionally considers availability
intervals, and as each job is associated with a given profit and cost, their objective is to
maximize the total profit. The authors compare their decomposition algorithms to extant
ILP and CP models for instances with n € {32,57,116} jobs and m € {10, 15, 20, 25,30}
machines, where not all instances can be solved to optimality within a 3-hour time
limit. Hooker (2007) develops another logic-based Benders decomposition algorithm for
several versions of the unrelated parallel machine scheduling problem with regard to
three different objectives (makespan, total tardiness and total costs). They additionally
consider machine-job specific resource consumption rates c;; and allow more than one
job to be processed concurrently on machine ¢ as long as the total resource consumption
does not exceed the given resource limit C;. They solve problems with up to n = 50

jobs, where not all instances can be solved to optimality within 2 hours.

In summary, most papers employing logic-based Benders decomposition for parallel ma-
chine scheduling use a constraint programming solver for the subproblems, the exception
being Tran et al. (2016), who use a TSP solver. In this paper, we develop a novel bounded
dynamic programming-based approach, which is shown to perform quite well and can

easily be adapted to a broad range of machine scheduling problems (see Section E.4).
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E.2.1. Berth allocation

Apart from a short dip during the financial crisis of 2008, international seaborne trade
has been steadily on the rise for the past decades (UNCTAD, 2016). While container
vessels are growing more numerous and larger, capacities (e.g., quay cranes and space
at the quay) at container terminals are hard to expand due to physical and geographical
constraints. For this reason, operations research methods have become very prominent
in making the best use of limited resources at many container terminals (e.g., Steenken
et al., 2004, Vacca et al., 2007). One of the most important problems in this context is the
berth allocation problem, which aims to assign a set of calling vessels to both a berthing
time and space at the quay wall, which is surveyed in Bierwirth and Meisel (2010, 2015).
In this context, our problem is equivalent to the following basic berth allocation problem:
Given a set of calling vessels (jobs) and a discrete set of berths (processors), which ship
should moor at which berth at what time, such that no vessel berths before its arrival
time, every vessel can depart before its deadline, and the last vessel departs as early as
possible? In practice, berths may differ in term of the resources (e.g., quay cranes) and
each vessel may have an “optimal berthing point” (e.g., depending on the storage location
for its containers in the terminal). As a result, the ships’ handling times at the quay
wall may vary depending on where they are berthed, which makes berths equivalent to
unrelated machines. A schematic representation of the discrete berth allocation problem

is given in Figure E.1(a).

In the berth allocation context, minmax objectives have so far only been tackled with
regard to very specific applications. The first application of a makespan objective in the
berth allocation context is provided by Li et al. (1998), who consider a continuous quay
wall, where ships can berth at any arbitrary position as long as they do not collide. Emde
et al. (2014) investigate the berth allocation problem at ports that have a so-called mobile
quay wall, which can enclose ships berthed at the normal, fixed quay wall. Similarly, the
same performance criterion for a combined berth allocation and quay crane scheduling
(or assignment) problem is applied by Lee and Qiu Wang (2010) and Blazewicz et al.
(2011), respectively.

E.2.2. Truck scheduling

At many cargo handling facilities, like distribution centers, manufacturing plants or cross

docks, calling trucks need to be assigned to a given set of dock doors for (un-)loading.
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Figure E.1.: Applications of [R|r;, d;j|Ciax)-

This problem is commonly referred to as truck scheduling, which is surveyed by Boysen
and Fliedner (2010). The existing literature almost without exception assumes that all
dock doors process trucks equally fast, which is not always the case (e.g. Tadumadze
et al. (2019), Konur and Golias (2017)). Since dock doors may differ with regard to staff
levels and equipment, processing times may also depend on which truck is processed at
which door. Critical trucks can be processed faster at dock doors with more workers,
although not every truck profits equally from additional workers (depending on size and
load). In this regard, dock doors can be interpreted as unrelated parallel machines. It is
very common that trucks must be scheduled within fixed time windows. A distribution

center handling incoming trucks is schematically depicted in Figure E.1(b).

E.3. Solution procedures

In this section, we present novel exact and heuristic algorithms to solve [R|r;, d;|Ciax)-
We later generalize these approaches to include additional constraints (Section E.4.1) and
alternative minmax objectives (Sections E.4.2.1, E.4.2.2). The exact algorithm, based
on logic-based branch and Benders cut, is presented in Section E.3.1. Since machine
scheduling with time windows is well known to be strongly NP-hard for any |P| > 1
(Lenstra et al., 1977), we also propose a heuristic column selection approach in Section
E.3.2.
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E.3.1. Branch and Benders cut for [R|r}, d;|Crmax|

Our exact logic-based branch & Benders cut (B&BC) algorithm is based on the classic
Benders decomposition. The original algorithm proposed by Benders (1962) decomposes
a problem into a master model, which is usually a relaxed version of the original model,
and a slave model, which is used to iteratively generate feasibility and optimality cuts
to be added to the master model. In our approach, we deviate from the classic Benders
scheme by adding so-called logic-based (or combinatorial) Benders cuts in the spirit
of Codato and Fischetti (2006) and Hooker (2011). Our master model is a type of
bin packing problem with the goal of assigning jobs to processors. The slave problem
consists of sequencing a given set of jobs on given processors, where the assignment of
jobs to processors is determined by the current master solution, such that the makespan

is minimal.

E.3.1.1. Master problem

Our master model contains only binary variables y;;, which define the assignment of jobs
to machines: y;; = 1 if and only if job j is assigned to machine i. Moreover, we define
N(j)={j' € J|rj > r;} as the set of jobs that are released no sooner than job j and
dmax(j) = max{d; | j/ € N(j)} as the latest deadline of the jobs from N(j). Finally, let
z be an auxiliary continuous variable denoting a lower bound on the completion time
of the latest machine. Our master model is a relaxed version of the original problem,
where we assume that a no-wait earliest release date (ERD) schedule is feasible, which

it may not be. It is defined as the following mixed integer linear program.

[Master] Minimize FM (Y, Z) = 2 (E.2)
subject to
Zyij =1 VjedJ (E.3)
iEP

T+ Z Yij - Dijt < 2 Vie Pyjeld (E.4)

JENG)
rit > i pi < dmax()) ViePijeJ (E.5)

J'EN())
Yij € {0;1} Vie Pjeld (E.6)
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Objective (E.2) minimizes the makespan of the relaxed problem. Constraints (E.3)
make sure that each job is assigned to exactly one machine. Valid inequalities (E.4)
enforce that the lower bound z on the makespan cannot be less than lower bound on the
makespan of each processor ¢ € P, which is the total processing time of the jobs assigned
to processor ¢ starting after time r;. Valid inequalities (E.5) forbid such job-to-machine
assignments that obviously lead to the violation of deadlines, i.e., when even the lower
bound on the makespan on a machine exceeds a potential latest deadline Emax(j) of
the jobs on that machine. Constraints (E.6) define the binary variables. Note that it
is possible to solve the model as a pure feasibility problem, i.e., without variable z and
valid inequalities (E.4) and (E.5). However, it is expedient to add these valid inequalities

to drive the search into the promising regions of the solution space.

We solve [Master| using a commercial black box solver. Whenever the solver hits upon
a candidate integer solution Y, the slave problem is solved to derive a feasible solution
from Y (if any) by sequencing the jobs optimally for the given assignment. Therefore,
from the viewpoint of the slave problem, the assignment of jobs to processors is already

given; what remains is determining the optimal schedule of jobs on each machine.

E.3.1.2. Slave problem

To solve the slave problem, first off, the problem clearly decomposes along the processors:
how we schedule jobs assigned to one processor does not affect how we schedule jobs
assigned to another processor. Given an integer solution Y for model [Master], the set of
jobs assigned to machine i is I'; = {j € J | g;; = 1}. Now, scheduling jobs I'; on machine
1 is equivalent to solving a single machine scheduling problem with time windows to
minimize the makespan, i.e., [1|r}, d;|Cmax|. This problem is well known to be NP-hard
in the strong sense (Lenstra et al., 1977). It stands to reason, however, that at least in
the applications discussed in Section E.2, the number of jobs per processor will not be
too high. Therefore, we propose the following bounded dynamic programming (BDP)
scheme based on the general methodology introduced by Held and Karp (1962).

The dynamic program consists of |I';| + 1 stages (index I = 0,...,|I;|), each stage
containing states (X), where 3 C T'; is the set of jobs already scheduled. Starting in
dummy stage [ = 0 from state ((}), successors in stage [ + 1 are reached by appending
one of the not yet scheduled jobs to the schedule, i.e., the successor states of some state
(3) are (X U{j}), Vj € T\X. Let C(X) be the makespan of the (partial) schedule of
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state (3) which can be recursively computed as
€(%) = mig{max{CN N, ) + s}

where C(0) := 0. Further, for each state (X), we compute the lower bound on the
makespan LB(Y) as follows:

LB(S) = ). 7 0\
() = max | max{C(2),r}+ Z Dij
JENG)NTAS)

the idea being that the remaining jobs are appended in a no-wait ERD schedule, which

is optimal but may be infeasible due to the deadlines.

In the dynamic programming graph, the number of nodes (i.e., states) increases expo-
nentially with the number of jobs to be scheduled. However, we can significantly reduce

its size by generating only such nodes that satisfy the following criteria.

1. It is still possible to schedule every remaining job with regard to its respective time
window, i.e., C(X) + p;j < dj, Vj € I';\E, must hold.

2. The remaining jobs can at least theoretically still be feasibly scheduled without
violating the latest deadline, i.e., C(X) + X cr,\sPij < maxjer, s{d;} must hold.

3. Let UB be the objective value of the best known feasible solution, i.e., the global
upper bound. Then it must hold that LB(X) < UB.

Moreover, if the optimal solution of the relaxed problem, obtained while computing
LB(Y), is feasible for the original problem (i.e., every job j from I'; is scheduled within
its time window), we fathom the state and, if applicable, store the found solution as
the new best known feasible solution and the corresponding objective value as the local
upper bound UB(X) on this machine. If the local upper bound of the state is smaller
than the global upper bound (i.e., if UB(X) < UB holds), we replace UB with UB(X)

In criterion 3.

The optimal makespan of processor i given I'; equals C(I';). The corresponding sequence
of jobs is obtained by backward recovery along the optimal path. To determine the start
times of the jobs, each job must be scheduled in the given sequence as early as possible,
i.e., either when its predecessor ends or at its release date, whichever comes last. If no

final state (I';) exists—either because it is impossible to schedule the jobs in I'; without

142



Chapter E. Unrelated parallel machine scheduling

violating any time windows or because there is no schedule with a makespan of less than

U B—we consider the “optimal makespan” for this processor to be C(I';) := UB.

Regarding the asymptotic runtime, BDP has O(2/7?]) states and O(|T;|2/"*!) transitions,
making the runtime exponential. However, as mentioned above, in many applications,
the number of jobs per processor |I';| can be expected to be rather low; hence, solution

times may still be acceptable for many practical uses.

Ezample: Consider the example data given in Figure E.2(a), consisting of n = 4 jobs
and m = 2 processors. Assume that for some [Master| solution I'y = {1, 2,4}, i.e., jobs
1, 2, and 4 are assigned to processor 2. The resulting dynamic programming graph is in

Figure E.2(b). One of the two optimal solutions is bold, corresponding to job sequence

(1,4,2].
stages 1 2
0 u 3
i1 2 3 4 .2
pl,j 5 6 8 4 0 6 14
; cgend: 0 —> {1 {124}
po; 5 5 9 3 e
ry 1 3 4 2 ) 9
d 8 19 13 25 {14}
(a) Example problem data. (b) Dynamic programming graph for the slave problem in the exam-

ple.

Figure E.2.: Example data and dynamic programming.

Let C(I';) be the optimal makespan of machine i given I';, determined for each machine
via BDP. Let i* = argmax,;cp{C(I';)} be the machine with the greatest makespan and
hence the machine that determines the makespan for the schedule as a whole. If C(T';+) is
lower than the current best upper bound U B, then a new best solution has been found.
The solution is stored and the upper bound is updated, i.e., UB := C(I';«). Moreover,
the following cut is added to program |Master]:

2z < UB —g,

where € is a sufficiently small positive number. This way, solutions to model [Master],
whose lower bound z is not less than the best upper bound U B, will be fathomed. Note
that the upper bound can initially be set to UB := maxjej{aj} or to the best objective
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value of some heuristic procedure.

Regardless of whether a new upper bound has been found, we determine the set I =
{i € P| C(I';) > UB}. To find a better solution with a lower makespan, at least one of
the jobs on each of the machines in I must be moved to another machine. To enforce

this, we add the following cuts to program [Master].

Zng‘rl’—l Vi € 1.
Jjer;

Once the cuts are added as constraints, the solver continues solving model [Master| with
these new cuts. When it hits upon another integer solution, the slave problem is again
solved, new cuts are generated, and so on, until no more unexplored and unfathomed
solutions remain for the master model. At that time, the search terminates and the best
upper bound is optimal. This procedure is commonly referred to as (logic-based) branch
& Benders cut (Rahmaniani et al., 2017, Emde, 2017). In Section E.5.2, we investigate

whether it is beneficial to add cuts as so-called lazy or regular constraints.

E.3.2. Heuristic column selection based on generalized set partitioning

As a first step to solve [R|r;, dj|Cimax) heuristically, we formulate the problem as a gener-
alized set partitioning problem (GSPP). This model formulation assumes all time related
parameters (i.e., rj, Ej, and p;;) to be integer. For practical purposes, this assumption
can be imposed by scaling and rescaling the time unit before and after using the solution
procedure, respectively. We divide the entire planing horizon in discrete time periods
t =1,...,T. Note that T = max;c;{d;} is a sufficiently large value for the length of
time horizon. Once the [R|rj, d;|Cmax] problem is formulated as a discrete time-indexed
scheduling problem, it can be straightforwardly transformed to a GSPP as described
below. Similar problem formulations and techniques have also proven successful, for
instance, for discrete berth allocation (Buhrkal et al., 2011, Lalla-Ruiz et al., 2016) and
for truck scheduling problems (Boysen et al., 2017, Tadumadze et al., 2019).

In the GSPP model, a column represents a feasible assignment of a job j to a machine
i starting in period ¢t. Let M = {(i,j,t) € P x J x {1,...,T} | r; <t <dj —pi;} be the
set of all columns. The following restrictions have to be considered to derive a feasible

partition:
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e For each job j € J exactly one column (i, j,t) from set M has to be selected, and

e On each processor i € P and in each period ¢t (¢t = 1,...,T), at most one job j can

be processed.

Among all feasible partitions, we seek one that minimizes the makespan.

M  Set of columns
T  Number of periods (index t =1,...,T)
vy, Binary variable: 1, column m is selected; 0, otherwise

Table E.1.: Additional notation for the GSPP model.

We define a binary variable v,, € {0,1}, which is 1 if column m = (4, j,t) is selected.
This way, the problem reduces to selecting one column m for each job j while taking
into account that in no period ¢, more than one job is processed on each processor i.
Additional notation for the GSPP model formulation is summarized in Table E.1. We

formulate our GSPP as the following integer program.

[GSPP| Minimize G(V) = max {vy - (t +pij)} (E.7)
(i,4,t)=meM
subject to

Y um=1 VieJ (E.8)

(4,5' ,t)=meM:

i'=j

> v < 1 Vt=1,...,T,i€P (E.9)

(7' ,4,t')=meM:

i =int <t<t'+p;;
vm € {0;1} Vm e M (E.10)

Objective function (E.7) minimizes the makespan by minimizing the completion time of
the latest job. Constraints (E.8) ensure that for each job exactly one column is selected.
Furthermore, inequalities (E.9) take care that in no period more than one job is processed

on the same processor. Finally, (E.10) sets the domain of the binary variables.

Finding a feasible solution to GSPP is strongly NP-hard (Garey and Johnson, 1979).
However, the GSPP is an extensively studied problem and it offers some modeling ad-

vantages. This formulation allows us to heuristically reduce M to a small subset of
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preselected columns. For alli € P and j € J, let M;; = {(i',j/,t) e M |i=iNj=j"}
be the subset of columns relevant for job j on machine i. As a simple approach to
heuristically reduce M;;, we only select the first and every pth column from the sorted
set of columns, where they are sorted in ascending order according to their completion

time t 4 p;j, and p is a predefined integer number (> 1). As a result, the number of

dy—rs—pis+1
columns reduces to |M;;| = %

—‘. This way, by varying the value of parameter
p we can reduce the solution space to the desired size: A greater value of u reduces |M;;|
and the GSPP becomes easier to solve. On the other hand, smaller |M;;| increase the
risk that the optimal (or promising) columns are not considered. Note that our heuristic
does not guarantee finding a feasible solution (especially if 4 has a high value). In such
a case, i must be reduced to a lower value. We conduct our own series of tests with
regard to the best value of p in Section E.5.2. Also note that if 4 = 1, model [GSPP]
is equivalent to the original problem (assuming that all parameters are integer). We
further investigate this trade-off in our computational study (Section E.5.2). Note that
this simple heuristic column selection scheme is shown to be very successful in related

problems and superior among other heuristic rules studied by Tadumadze et al. (2019).

Once the GSPP model is solved, we derive the job sequences for all machines and improve
the machine schedules by starting all jobs as early as possible considering the given
sequence. To do so, we set the start time of each job either to its release date or to
the completion time of its predecessor job on the same machine. The ensuing makespan

may be lower than the original GSPP objective value.

E.4. Extensions

The proposed algorithms can be easily modified for a broader class of parallel machine
scheduling problems. In this section, some extensions of our approaches are presented.
First, we discuss how the algorithms have to be adjusted if the solution space of the
problem is changed, i.e., the problem contains some new or misses some existing con-
straints. Afterwards, we generalize our approaches for other minmax objectives than the

makespan.
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E.4.1. Special cases and generalizations

Since unrelated machine scheduling is a generalization of parallel machine scheduling,
the proposed approaches can be also applied for solving its special cases: related (or
uniform) machine scheduling with time windows [Q|r}, d;|Cmax] and identical parallel
machine scheduling with time windows [P|r;, d;|Cax). In the case of relaxed deadlines,
ie., dj = 0o, Vj € J, the problem becomes [R|rj|Cimax], Which is still NP-hard in the
strong sense (Garey and Johnson, 1979). However, in this case, for a given set I'; of
jobs to be processed on machine i, the slave problem of our B&BC approach becomes
[1|7|Cmax), which can be solved as a single machine scheduling problem with the goal
of minimizing the maximum lateness, i.e., [1||Lmax], in polynomial time (Lawler, 1973).
Analogously, the slave problem of special case [R|d;|Crax] (i-e., when release dates are
not considered) becomes [1/d;|Ciax] and can be solved to optimality by applying the
earliest deadline rule (EDD). Note that the set N(j) := {j' € J|d; < d;} for [Master]
has to be redefined as the set of jobs whose deadlines are not earlier than Ej. If neither
release dates nor deadlines are considered, (i.e. 7; = 0 and Ej = 00, Vj € J), the resulting
problem [R||Cmax] reduces to the decision of assigning jobs to processors. Sequencing
jobs on the processors (i.e., the slave problem) becomes trivial as any no-wait schedule

is optimal. It hence suffices to only solve the master model.

Regarding generalizations, our approaches allow us to easily include some application
specific constraints. For example, we can consider so-called processing set restrictions,
surveyed by Leung and Li (2008). According to this restriction, for each job j, there is a
given set of incompatible processors G(j) C P on which job j cannot be processed. For
instance, in a berth allocation context, some ships may not be compatible with certain
berths due to insufficient water depth (e.g., Tong et al., 1999). The corresponding
problem is denoted as [R|r;, d;, Mj|Ciax]. This restriction can be considered by adding
constraints y;; = 0, Vj € J;i € G(j), to [Master|. For the GSPP heuristic, the processing
set constraint can be considered by generating sets of columns M;; only for compatible
machine and job pairs (i.e., M;; =0, Vj € J,i € G(j)).

Our approaches can also be easily extended to include machine availability restrictions,
i.e., for the case when each processor ¢ cannot process any job before its start time s; or
after its end time e;. In the scheduling literature, the resulting problem is denoted as
[R,NC|rj,d;|Cmax] (e.g., Sanlaville and Schmidt, 1998). Due to its practical relevance,
many versions of existing discrete berth allocation problems consider berth availability
times (e.g., Imai et al., 2001, Cordeau et al., 2005, Buhrkal et al., 2011). Especially,
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consideration of machine start times enables using a rolling scheduling environment.

For B&BC, the machine availability times can be taken into account by modifying in-
equalities (E.4) and (E.5) as max{r;, si} + > jen() Yiy - Pij < 2, Vi € P;j € J, and
max{r;, i} +> e n(j) Yij' Pijs < min{dmax(j), €i}, Vi € P;j € J 1 8; < dmax(j) Nei > 1,
respectively. This tightens the current time window of job j on machine ¢ if the machine
availability times are more limiting than the job time windows. Analogously, BDP for
the slave problem on a given machine i can be adjusted by setting C(0) := s; and tight-
ening criteria 1 and 2 from Section E.3.1.2 as C(X) + p;; < min{ei;aj}, Vj e I';\Y and
C(X) + > jer\ s pij < min{e;, maxjcr,\n{d;}}, respectively.

For the GSPP heuristic, the set M of all columns has to contain only such columns
that satisfy both job time window and machine availability-related restrictions (i.e.,
M ={(i,j,t) € Px J x {1,...,T} | max{rj;s;} <t < min{dj,e;} — pi;})-

We can further extend our problem by considering so called tails (or delivery times) when,
for each job j € J, a nonzero delivery time g; is given. Tail ¢; is defined as the amount
of time which job j has to spend in the system after completion on a machine. During
the delivery step, job j does not occupy any machine but still affects the makespan, i.e.,

objective function (E.1) becomes C(S) = max; j y)es{t + pij + ¢ }-

To modify B&BC for this extension, we add the smallest delivery time ¢y,;, = min;c{q;}
to the left-hand sides of inequalities (E.4) and (E.5) of [Master| to tighten the valid
inequality. Moreover, BDP for the slave problem is adjusted as follows. We extend the
state space by considering states (2, C(X)), i.e., a state is defined by the set ¥ of jobs
already scheduled and the makespan C(X), when the last job leaves the machine. Each
state (3, C(X)) has successor states (X U {j}, max{C(X),r;} + pi;), Vj € I'; \ ¥. Let
Z(X,C(X)) be the set of states from which a transition to state (X, C(X)) exists. We

calculate the objective value of a state as

tails » 7)) = . tails 3 Y- Y s i ) ,
CANEC) = i O, O max { ()} + g )

which is the completion time, including the tails, of the (partial) schedule (note that
j = X\Y'). Conditions 1 through 3 are similarly adapted to account for tails. Note that
if the deadlines are relaxed (i.e., d; = 0o, Vj € J), then the slave problem [1|r;, ¢;|Crmax]
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can be solved by the procedure proposed by Carlier (1982).

To modify our GSPP heuristic, we substitute the objective function of the GSPP model
(Eq. (E.7)) with objective function minimize G(V') = max(; j y—menm{vm - (t+pij +q;)}-
Moreover, we only consider columns that satisfy the deadlines, i.e., M = {(i,5,t) €
PxJx{l,....,T}|r; <t <dj—pij — g}

E.4.2. Alternative minmax objectives

Apart from changing the constraint set, our approaches can also be used for different
minmax objectives. Representatively, we discuss two alternative performance criteria,
namely the maximum (weighted) flow time and the maximum (weighted) lateness, in

the following.

E.4.2.1. Minimizing the weighted maximum flow time

To adjust [Master| for the case when the maximum weighted flow time is to be minimized,
we define sets Ni(j) € N(j), containing the k jobs with the earliest release dates from
N(@j) (ke{l,...,IN(j)|}). We replace valid inequalities (E.4) of [Master| with (E.4.2.1)

min {w-/}- r; + Yii' * Pij7 — max T‘/} <z
FENG) ’ j,e%m v j/ENk(j){ ! (E.11)

Vie P;jeJike{l,....,IN()I|}

Valid inequalities (E.4.2.1) set the value for the lower bound z on the maximum flow
time by relaxing deadlines and weights. If the deadlines and weights of the jobs are
not considered, an ERD ordering of jobs is optimal, which is what underlies inequalities
(E.4.2.1): If the k successors of some job j are processed in ERD order, they cannot
finish processing sooner than r; + Zj/eNk(j) Y50 - Pij. The latest release date of these
jobs is max;/¢ Nk(j){rj/}; hence, the maximum flow time on processor 7 cannot be less
than the left side of inequality (E.4.2.1).

The corresponding slave problem [1|7;, d;|wFyax] for processor i and a given set I'; can
be solved by adapting our BDP. A state is characterized by tuple (X, C(X)), where X is
the set of completed jobs and C(X) is the completion time of the state. Starting from
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dummy state (0,0), there are transitions from some state (X, C(X)’) to successor states
(X, C(X)), such that ¥ = ¥ U {j} and C(X) = max{C(X)’,r;} + pij, Vj € T;\¥'.

Let Z(X, C(X)) be the set of all states from which a transition to (X, C(X)) exists. The
(partial) objective value of a state (X, C(X)) is

Fo(D.C(9)) = | min s { e (S, C(E) )y (€)= 1)}

where j = X\Y', and the objective value of the initial state is Fnax(0,0) := 0.

Moreover, the calculation of the lower bound of state (X, C(X)) is modified as follows:

LB(X, C(¥)) = max ¢ Fmax(22, C(2)); max { min wir b
( =) { ( () JELASke{L,..., IN(5)I} leNk(j)m(Fi\E){ 7}

max{C(X);r;} + Z Dij — max ){Tj’}

JEN(DNTAD) JEN AN

We say that a state (X', C(X)’) is dominated by a different state (X, C(X)) if the following

criteria are satisfied:
e ¥ =Y/ ie., both states consider the same set of completed jobs,

e C(X) < C(X), ie., the makespan of (X, C(X2)) is not longer than that of (X', C(X)'),

and

¢ Tnax(X,C(2)) < Fmax(X/, C(X)), i.e., the weighted maximum flow time of the

dominating state is at least as good as that of the dominated state.

Dominated states do not have to be considered for the next stage of BDP since they will
never lead to any improvement. Otherwise, the BDP can run as described in Section
E.3.1.2.

Ezample (cont.): Consider the example from Section E.3.1.2, where a slave problem for
processor i = 2 with T's = {1,2,4} is to be solved. Additionally, the following weights
for jobs 1, 2, and 4 are given: w; = 1, wy = 2, wy = 1. The resulting DP graph for
minimizing the weighted maximum flow time on machine 2 is shown in Figure E.3. The

optimal solution is bold, corresponding to job sequence (1,2, 4].

To adjust our GSPP heuristic, only objective function (E.7) of the GSPP model has to
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Figure E.3.: Dynamic programming graph for the slave problem in the example mini-
mizing wFpax.

be substituted by (E.12).

Minimize G(V) = g (B pig — 7 E.12
inimize G(V) = max_ {wj - vm - (t+pig = 75)} (E.12)

E.4.2.2. Minimizing maximum weighted lateness

Similar considerations as in the previous section can be applied for minimization of the

mazimum weighted lateness wLpyax.

To modify model [Master]| for [R|rj|wLmax], for each job j, we define the set V(j) = {5’ €
J|dj < d;} of jobs whose due dates are not later than the due date of job j. Further,
we define sets V(j) C V(j), containing the k jobs with the latest due dates from V()
(ke {1,...,|V(y)|})- This way we can replace valid inequalities (E.4) of [Master| with
(E.4.2.2)

min {w; } - min {r.}+ yi piv —di | <z
j/GVk(j){ ]} j/GVk(j){ J} J/g/k:(]) Y Y !

ViePijeJ;ke{l,....[V(I},

(E.13)

which determines the lower bound on the weighted maximum lateness. The idea behind
inequalities (E.4.2.2) is to relax the weights and the release dates, so that the relaxed
slave problem per processor becomes [1||Lyax] which can be easily solved to optimality
by the EDD rule (see Section E.4.1). Thus, the optimal objective value of the relaxed
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slave problem [1||Lmax], weighted with the smallest weight min; ey, (;y{w; }, is a valid
lower bound for the objective function of [1|rj|w Liyax] which is what inequalities (E.4.2.2)

mimic.

To solve the corresponding slave problem [1|r;|wLmax], BDP has to be adapted similarly

as for wFpax objective with the following differences:

e The (partial) objective value of a state (X, C(X)) is calculated as

Lna(B, €)= | min i L (2, €5y - (C(D) — )}

where j = X\Y.

e The lower bound of state (X, C(X)) is computed as follows:

LB(X, C(Y)) = max ax(2, C(2)); max min wWair b
( =) {Lm ( ) JELASke{L,....[V(H)[} {j’EVk(j)ﬁ(Fi\E){ 7}

max{C(z); min {rj,}}+ > piy—d ,

J'€VR(HNTA\D) F V(TS

o While generating the states for BDP, criteria 1 and 2 from Section £.3.1.2 have to

be ignored because the deadlines are no longer strict.

Ezample (cont.): The dynamic programming graph for the example slave problem from

Section E.3.1.2, minimizing the maximum weighted lateness is depicted in Figure E.4.

Note that if the problem does not consider any weights, then the corresponding slave
problem [1|rj|Lmax] is a textbook single-machine scheduling problem and can be solved
by an exact algorithm from the literature; for an overview, we refer to Leung (2004,
Chap. 10) and Pinedo (2016, Chap. 3.2).

To adjust the GSPP model for the new objective, only the objective function (E.7) has

to be substituted by new objective function
Minimize G(V) = max {w; - vy - (t +pi; — dj)}.

However, note that GSPP formulation with lateness objective can only be applied if the
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Figure E.4.: Dynamic programming graph for the slave problem in the example mini-
mizing Lmax.

planning horizon is bounded from above by another restriction, e.g. end availability time

of the machines or an upper bound on the schedule length.

E.5. Computational study

In this section, we compare the computational performance of the three presented so-
lution approaches, namely a default solver solving the original mixed integer program
(MIP-OP), branch and Benders cut (B&BC), and heuristic column selection based on
a generalized set partitioning formulation (GSPP). A mixed-integer linear programming
model [MIP-OP] for [R|r;, d;|Cinax), based on the model formulation for the classic dis-
crete berth allocation problem proposed by Imai et al. (2001) and Monaco and Sammarra,
(2007), is presented in Appendix E.7. We use it as a benchmark. Experiments are per-
formed on newly generated random problem instances as well as the benchmark instances
from the literature for both applications (i.e., berth allocation and truck scheduling). We
first describe how new problem instances have been generated and then describe the in-
stances from the literature. Afterwards, we present the computational results of our

solution approaches on both instance sets.
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E.5.1. Benchmark instances and computational environment

To observe the computational performance of our algorithms, we test them on different
kinds of problem instances. First, we generate new random instances for the basic
problem [R|rj, d;|Ciax] according to the instance generation scheme proposed by Hall
and Posner (2001). Specifically, the processing time p;; of each job j € J on each
machine ¢ € P is randomly drawn from the following normal distribution: p;; ~ N(30,6)
(truncated below to positive lower bound). The release dates r; are generated with the
following scheme: 7 = 0 and r; = rj_1 + Xj, Vj € 2,...,n, where X; ~ exp()) is
an exponentially distributed random number with mean A\ = 3?0'. This way, the jobs’
arrival represents a Poisson process whose rate matches the total processors’ job capacity.
Finally, we draw the deadline of job j with the following equation: d; = r; + k - E[p;],
where Elpi] = > ,cp % and k > 1. Thus, by varying parameter k, we receive instances
that either have tight time windows (low k) or have more flexibility (high k). All
time related parameters are rounded to the next integer value. Note that this instance
generation scheme does not prevent infeasible instances from being generated. However,

instances with a higher value of k are more likely to have feasible solutions.

To observe the impact of the problem size on the computational performance of our
algorithms we generate different sized sets of problem instances. Specifically, we generate
small instances consisting of n = 20 jobs and m € {4,6,8} machines (dubbed S) and
larger instances with n = 80 jobs and m € {15, 20, 25} machines (dubbed L). Moreover,
we vary parameter k € {2,3,4}. Apart from this, for the parameter tuning tests we use

medium-sized instances with n = 50 jobs, m = 10 machines and k& = 2.5 (dubbed M).

Apart from our new problem instances, we test the performance of our approaches on
extant problem instances from the literature for both aforementioned applications: berth

allocation and truck scheduling.

In the context of berth allocation, we use the problem instances from sets “72” and “13”
originally proposed by Cordeau et al. (2005). These instances were generated based on
statistical traffic and berth allocation data at the Port of Gioia Tauro. I2 contains 50
instances with the following five instance sizes: 25 ships (i.e., jobs) with 5, 7 and 10
berths (i.e., processors); 35 ships with 7 and 10 berths. I3 consists of 30 larger instances
with 60 ships and 13 berths.

As benchmark instances from the truck scheduling context, we use the problem in-
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stances generated by Tadumadze et al. (2019) that can be downloaded using the follow-
ing DOI: https://doi.org/10.5281/zenodo . 1487845. Specifically, we use the problem
instances from the set “I'TWS-DC-M” that contains 30 larger problem instances with 100
trucks (i.e., jobs) and 25 dock doors (i.e., processors). Furthermore, these instances vary
in the relative width of time windows of the trucks, which is controlled by the parameter
Qmax € {1,2,3}, where instances with lower Q,,x tend to have tighter time windows

(similar to parameter k described above). Table E.2 summarizes all the instances used.

Proposed by Dataset name  # Instances n m Additional characteristics
This paper (based on S 90 {20} {4,5,6} ke {2,3,4}
Hall and Posner (2001)) M 10 {50} {10} k=25
L 90 {80} {15, 20,25} ke {2,3,4}
Cordeau et al. (2005) 12 50 {25,35}  {5,7,10} -
I3 30 {60} {13} -
Tadumadze et al. (2019) ITWS-DC-M 30 {100} {25} Qmax € {1,2,3}

Table E.2.: Summary of benchmark instance sets

Note that there is, to the best of our knowledge, no dataset in the literature for [R|r;, d;]|
Cinag) and its variants discussed in this paper. The literature datasets of Cordeau et al.
(2005) and Tadumadze et al. (2019) have a feasible solution space that is covered by our
approaches, but the original papers consider a different objective function—minimization
of total (weighted) flow time ) " w; Fj, which differs from all minmax objectives considered
in this work. The numerical results can therefore not be directly compared. However,
the performance of our algorithms on these datasets should nonetheless give a good idea

of the applicability of our approaches.

We have implemented our solution procedures in C# 6.0 and applied off-the-shelf solver
IBM ILOG CPLEX Optimizer V12.8.0 for solving our MILP models, including the mas-
ter model of our B&BC approach. All tests have been executed on an x64 PC with
an Intel Core i7-8700K 3.70 GHz CPU and 64 GB RAM. The time limit for solv-
ing the MILP models is set to 300 CPU seconds. Note that we also experimented
with larger time limits in preliminary tests but found that the best upper bounds are
usually found within the first five minutes of computation. Moreover, to make a fair
comparison between alternative solution approaches, we execute all solution methods
(including the default solver) on a single thread. The problem instances as well as the
detailed computational results for every instance are available from the following DOI:
https://doi.org/10.5281/zenodo.3696775.
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E.5.2. Parameter tuning

We calibrate both of the proposed approaches in a pretest. Specifically, in the case
of B&BC, we compare two ways of adding cuts to the master model: either as lazy
constraints, injecting them into the branch & bound tree as it grows, or as regular
constraints, such that the master model is resolved from scratch every time a new cut is
added. Similarly, the performance of our heuristic column selection approach strongly
depends on the value of the parameter . A low value of u leads to a high number of
generated columns which, on the one hand, can be beneficial for smaller size problem
instances. On the other hand, it can be counterproductive for larger instances, where
solving the resulting large GSPP model within a given time limit may lead to poor
solutions. The proper value of u clearly depends on the instance size; thus, we derive
the value of p from the number of jobs |J| with the equation p = [|J] - ] and the
predefined parameter §. Note that a high value of § leads to compact GSPP models

with a smaller search space.

For our pretest, we use 10 medium-sized instances with |J| = 50, |P| = 10, and k = 2.5.
We solve them with regard to makespan as an objective function applying both versions
of B&BC (i.e., applying either lazy or regular cuts) and the heuristic GSPP approach,
applying five different values of § € {0.02,0.1,0.2,0.3,0.4}.

Table E.3 shows the results for the parameter tuning test with regard to Chax (i-e.,

makespan) as an objective function. Column “C?

rax denotes the best known makespan

for that instance, found by B&BC, either applying lazy or regular cuts, where an asterisk
(*) after the value indicates that this objective value is optimal. For each approach (i.e.,
B&BC with both kinds of cuts and GSPP heuristics for each value of §), we report the
average relative gap (in %) of the objective value val’ found by that approach to the
best known objective value for that instance val*, calculated as gap = val'—val® . 100 and

val*
the required computational time (in CPU seconds).

First of all, the results tend to be better when adding cuts to [Master| as lazy constraints.
For each of the 10 instances, B&BC with lazy cuts obtains an optimal solution within
the given time limit. On the other hand, B&BC with regular cuts struggles to solve 2
out of 10 instances to proven optimality within 300 seconds. This is likely due to the
computation time that is expended on solving the master model from scratch in every
iteration. This leads to the solver wasting a lot of time re-exploring regions of the search

space it already explored in previous iterations. Note, however, that regular cuts are
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Figure E.5.: Influence of § on the solution quality of the GSPP heuristic.

sometimes marginally superior to lazy constraints, probably because the presolver is more
aggressive in the absence of lazy constraints and the root node relaxation is stronger in
later iterations, when multiple cuts have already been added. Nonetheless, in light of

the performance stability of lazy cuts, adding constraints lazily seems advisable.

Figure E.5 summarizes the average results in terms of runtime and relative gap to the
optimal objective value (obtained by B&BC) for each value of parameter ¢ used to
select columns for the GSPP heuristic. The leftmost and rightmost graphics of Figure
E.5 present an apparently exponential decrease in runtime and number of generated
columns when the value of § rises. For § = 0.02, only one out of 10 instances could be
solved in less than 300 seconds (note that § = 0.02 leads to p = 1, and the resulting
GSPP, containing all columns, is equivalent to the original problem). For higher values
of 4, all resulting GSPP model instances could be solved within the time limit. However,
raising the value of § makes it less probable that the GSPP contains potentially good
columns, possibly lowering the solution quality. From our results, 6 = 0.1 turns out to
be the most promising compromise of solution quality and runtime. For 6 = 0.1, in 6 out
of 10 cases, GSPP obtains the optimal solution for the corresponding original problem
while maintaining acceptable computational times. Also, for the remaining 4 instances,
GSPP finds near-optimal solutions (with a maximal optimality gap of less than 1.4%)
in reasonable computational times. Therefore, for the next computational experiments
we apply § = 0.1 when using our GSPP heuristic and we add cuts as lazy constraints to
the master model of B&BC. Note that setting 6 = 0.1 does not guarantee that a feasible
solution is in the GSPP search space. If no feasible solution can be found, J must be
lowered to expand the number of columns in the model. However, in our computational
experiments, this proves to be unnecessary; we are able to solve all instances to feasibility
with 6 = 0.1.
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E.5.3. Computational performance on new instances

In this section, we compare the computational performance of the three proposed ap-
proaches (B&BC, GSPP and MIP-OP) solving [R|rj,d;|Cmax|. For this, we use the
problem instances from two different sized datasets and solve them with all three solu-
tion approaches. The first dataset S contains the problem instances with n = 20 jobs
and m € {4,6, 8} processors while the second dataset L consists of larger instances con-
sidering n = 80 jobs and m = {15, 20,25} machines. Further, we observe the impact of
the time window tightness on the performance of our approaches by varying parameter
k € {2,3,4}. For each parameter constellation, we have 10 random instances, so that in

total 180 new problem instances have been generated.

Table E.4 summarizes the aggregated computational results for the newly generated
problem instances. The first two columns describe the instance characteristics: the
number of jobs n and machines m and the value of parameter k. For each approach,

in columns “Gap (%)” and “Time (s)”

we report the average relative gap (in %) of the
best found objective value to the best known objective value of that instance, calcu-
lated as described in Section E.5.2, and the average computational runtime (in CPU
seconds), averaged per 10 instances of the same size. Furthermore, for each approach
we report the share of the instances whose corresponding (M)ILP models are solved
to optimality within the given time limit. Note that in case of our GSPP heuristic,
solving the corresponding ILP does not necessarily mean that the found solution is opti-
mal. Therefore, for GSPP, we additionally report the share of instances whose objective
value matches the best known objective value (column “Best”). Moreover, the average
number of generated cuts for B&BC and columns for GSPP are reported in columns
“Cuts” and “Columns”, respectively. For the large instances from dataset L the solver
runs out of memory even before generating the corresponding MIP-OP model. Hence,
for those instances, we only report the computational performance of the B&BC and
GSPP approaches.

The first remarkable result is that B&BC outperforms its competitors, solving in total
147 out of 180 instances to optimality within 300 seconds. Ounly for 5 large instances,
the solution obtained by B&BC is improved upon by the GSPP heuristic, which found
the best known solution for 108 out of 180 instances. It is noteworthy that the heuristic
column selection approach tends to be more successful for problem instances with tight
time windows (i.e., low k) and fewer processors, leading to fewer columns (i.e., potential

starting times of jobs). The default solver, on the other hand, struggles with solving
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Chapter E. Unrelated parallel machine scheduling

instances to proven optimality within the time limit using model [MIP-OP]. Only 28 out
of 90 small instances from dataset S can be solved to optimality within a time limit and
CPLEX runs out of memory even before generating the corresponding MIP-OP models

for large instances from dataset L.

E.5.4. Benchmark tests on berth allocation problem instances from the
literature

To observe the performance of our approaches on berth allocation problem instances, we
use datasets I2 and I3 originally proposed by Cordeau et al. (2005), containing in total

80 realistic BAP instances.

Note that Cordeau et al. (2005), apart from the time window restrictions for each vessel,
additionally consider the availability times of berths (i.e., start s; and end e; of availabil-
ity for each berth ¢ € P). Thus, to solve these instances with our approaches, we modify
them to include the machine availability time restrictions as described in Section E.4.1.
Moreover, since minimizing the weighted flow time is a common objective in the berth
allocation literature, apart from our baseline objective (i.e., makespan), we solve the
instances with regard to maximum weighted flow time. Finally, we solve the instances
with regard to maximum weighted lateness, which is considered an appropriate objective

in many berth allocation scenarios (e.g., Liu et al., 2006, Chen et al., 2012).

Tables E.5, E.6 and E.7 summarize the computational results of our comparison on
the BAP instances with regard to objective Chhax, wFnax and w Ly, respectively. Each
entry contains averaged results over all instances of the same size (i.e., for dataset 12, each
entry contains results averaged over 10 instances and for dataset 13, over 30 instances).
The columns of Tables E.5, E.6 and E.7 have the same meaning as in Table E.4 from
Section E.5.3. Furthermore, we report the objective values of the best found solutions,
averaged per parameters constellation (see columns “C} .7 “wFy,.” and “wL},. " of
Tables E.5, E.6 and E.7, respectively).

The results indicate that B&BC remains a successful solution approach for BAP with
regard to all considered performance criteria. It solves in total 77, 78 and 78 out of
80 instances to proven optimality within 300 seconds for objectives Ciyax, WFmax and
W Lmax, respectively. Also, the GSPP heuristic performs quite well, providing optimal
solutions for 70, 64 and 66 out of 80 instances for Ciax, WFnax and wLyn,y, while the

gaps for non-optimal solutions are almost always negligible. The default solver, on the
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Chapter E. Unrelated parallel machine scheduling

other hand, struggles with solving instances to proven optimality within the time limit
using the MIP-OP formulation. CPLEX manages to solve only 11 out of 80 instances
within the time limit while minimizing Ci,.x. The effort of MIP-OP rises for the alter-
native objectives (i.e., minimization wFi,ax and wly,y). CPLEX only solves one out of
80 instances within the time limit when w/Ly,.x is minimized, and for wL,.x, none of 80

instances are solved within 300 CPU seconds.

E.5.5. Benchmark tests on truck scheduling problem instances from the
literature

Our benchmark set of problem instances from the truck scheduling context is originally
proposed by Tadumadze et al. (2019) for what they call the “integrated truck and work-
force scheduling problem” (ITWS). The set contains 30 very large problem instances
considering 100 trucks and 25 doors. These instances are characterized by tighter time
windows than our newly generated instances, which are controlled by the parameter
Qumax- More specifically, the expected relative width of the trucks’ time windows for an
ITWS instance with Q,.x = 1 is comparable with the expected relative width of the
time windows of an problem instance generated by our instance generator using k = 0.5.
However, the instances of Tadumadze et al. (2019) are generated in such way that each
problem instance has at least one feasible solution with regard to the trucks’ time win-
dows. Note that the formal definition of the ITWS for the distribution center context
(ITWS-DC) from Tadumadze et al. (2019) differs from our problem as apart from truck
scheduling, it simultaneously solves the workforce scheduling problem. The problem of
scheduling jobs with time windows on unrelated machines is equivalent to the case when
ITWS-DC is solved for a given dock-specific workforce assignment as described in the

original paper.

Tables E.8 and E.9 present the computational results of our approaches on truck schedul-
ing instances. These instances are too large to be solved by a default solver. MIP-OP
runs out of the memory even before generating the corresponding MILP model. Thus,
we only solve each instance with B&BC and GSPP heuristics. Moreover, not every in-
stance could be solved to feasibility, which is why we additionally report the share of

instances that could be solved to feasibility within the time limit (see column “Feas”).

As can be seen from the results, B&BC tends to be less successful at solving the large

truck scheduling instances with tighter time windows from Tadumadze et al. (2019).
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Chapter E. Unrelated parallel machine scheduling

The effort of B&BC is especially high for problem instances with tight time windows (i.e.,
low Qmax). Recall that [Master]| is a relaxed version of the problem which ignores the time
window-related constraints. If the time windows of the jobs are too tight, the relaxation
is bound to be less tight. As a result, the number of cuts added to [Master]| rises, which
negatively affects the performance of B&BC. While minimizing the makespan, B&BC
obtains a feasible solution for 23 out of 30 instances out of which 13 are optimal. The
effort is greater when the maximum weighted flow time is minimized. Here, B&BC
manages to find a feasible solution for 16 out of 30 instances, none of which is proven to
be optimal. On the other hand, GSPP exhibits exactly the opposite behavior. This is
due to there being fewer columns (i.e., fewer potential starting times of jobs) in problems
with tighter time windows. GSPP manages to find a feasible solution for every instance,
which in most cases matches or improves the solutions found by B&BC. Specifically,
while minimizing the makespan, GSPP manages to match or improve solutions obtained
by B&BC for 24 out of 30 instances in shorter computational times. For the alternative
objective (i.e., Flax), GSPP shows even better performance matching or improving
the B&BC solutions for 26 out of 30 instances. This indicates that B&BC and GSPP

complement each other.

E.6. Conclusion

In this paper, we propose a novel logic-based branch & Benders cut algorithm for a family
of unrelated parallel machines scheduling problems with time windows and minmax
objective. We also devise a heuristic column selection approach based on a generalized
set partitioning problem formulation. We show that the proposed approaches can be
easily modified for relevant generalizations. We compare our methods to an adaptation
of an existing mixed integer linear program solved by a commercial solver. We test all
algorithms on newly generated problem instances with varying time window width and

realistic benchmark instances from the literature.

The exact B&BC algorithm performs quite well, solving most instances, both from the
literature and generated ones, to optimality within a few minutes, clearly outperforming
a default solver solving the non-decomposed MILP model. The only cases where B&BC
exhibits non-negligible optimality gaps are very large problem instances with tight time
windows. For those cases, our heuristic column selection method is faster and frequently

delivers better results.
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Future research could aim to adjust the proposed solution method for alternative per-
formance criteria, like total weighted flow time and other minsum objectives. Moreover,

alternative heuristic approaches can also be tested and compared to our GSPP approach.

Appendix

E.7. MILP formulations for [R|r;,d;|-] and extensions

J Set of jobs (index j)

P Set of processors (index 1)

K Set of service positions (index k, K = {1,...,n})

M Big integer

Dij Processing time of job j on processor i

Tj Release date of job j

d;/d; Deadline/due date of job j

Tijk Binary variable: 1, if job j is the kth job to be processed on processor
i; 0, otherwise

X set of x Variables: X = {z;;, |i € P,j € J ke K}

Wik Continuous variable: time interval that processor ¢ stays idle before
executing the kth job and after executing the (k — 1)th job
U Set of u variables: U = {u;, |i € Pk € K}

Table E.10.: Notation for the MILP model.

This appendix contains a mixed-integer linear programming model for [R|r;, dj|Cimax)-
The model is based on the original discrete berth allocation model proposed by Imai
et al. (2001) and Monaco and Sammarra (2007), which is modified to account for minmax

objectives. Table E.10 summarizes the notation.

MIP-OP| Minimize C(X,U) = ; ij - Tij E.14
[ | Minimize C(X,U) Iine%gi keZK uzk“‘;pz] Tijk ( )
J
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subject to
Z Z Tijk = 1 Vield
1€P ke K
(E.15)
D i <1 Vie Pke K
jeJ
(E.16)
ZTj‘xijk—Z uu—l—Zpij-xijl < Uik Vie Pke K
jed leK: jed
<k
(E.17)

leK: jled
<k
(E.18)
u;p > 0 Vie Pke K
(E.19)
zijk € {0;1} ViedJiie Pke K
(E.20)

Objective function (E.14) minimizes the makespan of the machine whose completion time
after processing all jobs is highest. The makespan for each machine is derived by adding
up the total processing time of the jobs and the total idle time between jobs. Constraints
(E.15) ensure that every job is assigned to exactly one processor at exactly one service
position. Constraints (E.16) make it impossible for multiple jobs to be assigned the same
service position on the same machine. Inequalities (E.17) define the idle times between
jobs: idle time wu; (i.e., the amount of time that machine i stays idle before executing the
kth job) must be no less than the duration between the completion time of the (k—1)th
job on machine i and the release date of the kth job on the same machine (i.e., the
earliest possible processing start time of its successive job). Note that the summation
on the left-hand side of constraints (E.17) and (E.18) indicates the completion time of
the (k — 1)th job on machine 7. Constraints (E.18) make sure that the deadlines are not
violated. Finally, (E.19) and (E.20) define the domain of the variables.

To extend MIP-OP to account for machine availability restrictions, constraints (E.21)
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and (E.22) are added to the model.
Uil > S; VieP (E.Ql)

Z (i sz‘j “Tijk | <€ Vi€ P (E.22)
keK jed

Constraints (E.21) guarantee that on each machine ¢ € P, processing of its first job
cannot be started before its availability time s;. Constraints (E.22) take care that on

each machine ¢ none of the jobs are completed after its availability time e;.

Finally, to consider objectives maximum weighted flow time and lateness, we consider

the following models.

To minimize the maximum weighted flow time,
minimize F(X, U, Flov) = pflov,
subject to (E.15)-(E.20) and

Fﬂowzwj Z Uik""zpij"xij’k’ — Ty —M(l—I”k),VZEP,jEJ,kGK

k'eK: j'eJ
K'<k

To minimize the maximum weighted lateness,
minimize L(X, U, F13%) = plate,

subject to (E.15)-(E.17), (E.19), (E.20), and

Flatezwj Z uik/—i—Zpijwa:ij/k/ —dj —M'(1—$ijk),Vi€P,j€J,k€K

k'eK: j'ed
K<k
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Chapter F.
Conclusion

The aim of this thesis was to design novel models and algorithms for optimization prob-
lems related to trucks’ loading and unloading operations while taking personnel aspects
into account. Despite the increasing trend toward automation at many modern cargo fa-
cilities, the trucks’ unloading and loading operations still require the humans’ inevitable
involvement. That is due to their inherent flexibility and unique ability to respond to
real-time changes, unlike automated systems. The workforce’s involvement is required
at both sides of the dock door. Qutside the terminal building, a large number of trail-
ers have to be coordinated within the yard. The semitrailers of incoming and outgoing
trucks have to be transported from the parking lot to the terminal building and docked
by backward maneuvering toward the dedicated dock door. Many terminals apply spe-
cialized yard tractors (also denoted as spotters) for the intra-yard trailer transportation.
This way, road truckers do not have to wait to complete the trailer’s (un-)loading and
can directly leave the facility while semitrailers are shunted within the yard by termi-
nal employees. Inside the terminal building, unloading and loading of a trailer consist
of several manual tasks that can be executed only by humans. There is a relatively
small body of literature that is concerned with integrating workforce scheduling aspects
into daily operations at trailer terminals. This thesis intends to close this research gap
by designing models and algorithms for novel truck scheduling and related problems,

considering terminal workforce scheduling aspects.

On the inbound side, logistics workers unload cargo from the trailers of incoming trucks.
The duration of the unloading step of a particular trailer strongly depends on the number
of logistics workers who simultaneously unload the truck. Thus, terminal managers
can affect the truck’s unloading duration by adapting the right amount of workers.

To the best of the author’s knowledge, this aspect has found little attention in the
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scientific literature so far. The majority of existing models presume fixed processing
times for each truck. Chapter B of this thesis has proposed a novel integrated truck
and workforce scheduling problem, which we denote as ITWS. We have observed ITWS
for two representative settings: for conventional distribution centers and cross-docking
terminals. The former considers that the unloaded freight is stored in the terminal at
least for some time. In contrast, in the latter case, the unloaded shipments are directly
transshipped to the outbound gates, without considering any intermediate storage inside

the terminal.

We have formalized the resulting optimization problems and developed appropriate
mixed-integer linear programming models. Moreover, we have reformulated them as
interval scheduling problems and, based on this, designed different efficient heuristic ap-
proaches. One of the proposed techniques has shown to perform very well, providing
optimal (or near to optimal) solutions for large-scale ITWS problem instances in short
computational times. Moreover, we have compared the novel ITWS approach with the
existing alternative successive methods. Here, firstly, we allocate a fixed amount of work-
ers at each gate, who operate there for the whole planning horizon; subsequently, we solve
the remaining truck scheduling problem considering those given workforce assignments.
Our results have shown that the novel integrated planning approach is superior to the
successive planning approach. Compared to the successive equal workforce approach
(i.e., when the personnel is equally distributed among the terminal gates), the ITWS
promises significant benefits. For the one thing, the integrated planning approach can
enable more efficient utilization of the given workforce, obtaining better solutions in
terms of the terminal’s performance measure (i.e., smaller trucks’ service times / less
delayed freight). For the other thing, the optimized workforce allocation can lead to
significant workforce savings (by up to 36% or 42% in DC and CD settings).

On the outbound side, the truck scheduling problem may consist of an additional de-
cision, namely how to load shipments into the trucks such that the limited carrying
capacities the trucks are not exceeded. This decision problem is relevant for cargo facili-
ties in a many-to-few-configuration, where the consolidation takes place on the outbound
side. Such a setting often arises at dispatch warehouses of part suppliers (e.g., in the
automotive industry), which ship the ordered goods to an original equipment manufac-
turer. The existing studies in this field have only focused on either the truck loading
problem or the truck scheduling problem. In Chapter C of this thesis, we have proposed
a novel outbound truck loading and scheduling problem (dubbed as OTSLP), which solves
both problems simultaneously. More precisely, the OTSLP consists of the following de-
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cisions: on the one hand, items are to be loaded into the trucks considering their limited
capacity (i.e., truck loading); on the other hand, each truck is to be scheduled within
the given time window considering the limited terminal resources required to load the

trucks (i.e., truck scheduling).

After formalizing the resulting optimization problem, we provided two mixed-integer
linear programming models that can be applied to solve the considered optimization
problem using a commercial standard solver. Moreover, we designed an exact branch-
and-price algorithm that has shown to perform very well, optimally solving the most
large-scale OTSLP instances within a few minutes. Finally, we explored the impact of
the time window flexibility and workforce size on delivery punctuality. As one would
expect, more restrictive time windows and a scarce workforce lead to worse delivery
punctuality. These findings will be of interest to terminal managers when facing the
trade-off between the time window flexibility for trucks and the workforce size vs. the
terminal’s service level (i.e., delivery punctuality). Specifically, the insights gained from
this study may be helpful for terminal managers at the tactical planning level to design
a proper time window management for trucks and define an adequate workforce size to

achieve the desired service level.

Outside the terminal building, transportation of the trailers needs to be coordinated
within the terminal yard. Many large trailer terminals apply specialized terminal trac-
tors (also called spotters) and own employees for the intra-yard trailer shunting. In
Chapter D of this thesis, we proposed a novel robust spotter scheduling problem (RSSP).
RSSP assigns a set of transportation requests to a fleet of spotters such that the trail-
ers can be (un-)loaded at the dock doors as scheduled in the previous planning step.
Thereby, our goal is to find such robust spotter schedules that reduce the propagation
of small unforeseen delays in the yard. We inserted buffer times between any pair of
successive jobs. Based on this, we designed two robust objectives, first, maximizing the
sum weighted buffer time of all jobs, and, second, maximizing the minimum weighted

buffer time.

We developed efficient polynomial-time algorithms for both RSSP versions, which have
shown remarkable performance in the numerical experiments. In particular, our ap-
proaches can find optimal solutions within few minutes for large-scale problem instances
(considering 2000 transportation jobs and 400 spotters). Furthermore, we evaluated the
robustness of the proposed techniques in a simulation study. We simulated some in-

ternal and external delays during the execution of original schedules and have assessed
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the found solutions’ robustness concerning different performance measures. Our find-
ings reveal that using the right robustness objective can significantly reduce the delay
propagation. Applying the proper robustness objective can lead to a reduction of the
average waiting time per truck up to one hour and the average idle time per dock door

up to five hours.

It is worth mentioning that the truck scheduling problems proposed in Chapters B and C
consider the workforce-related aspects via ensuring that the amount of required workforce
never exceeds the available limits. Neither of these models explicitly derives the exact
plans for each worker, determining the worker’s particular tasks and the time schedule.
However, note that such schedules can be easily derived using the techniques proposed
in Chapter D. Although we motivate the RSSP for the terminal staff scheduling outside
the terminal building, we can also apply the proposed approaches for the intra-terminal

workforce scheduling problems.

Finally, this thesis has also looked into a more general class of scheduling problems,
namely scheduling a set of jobs with time windows on unrelated parallel machines. Such
widespread scheduling problems have a broad range of applications for many practical
planning problems in logistics and production, including the truck scheduling problem.
In this context, we can interpret a truck with the given arrival and departure time as a
job with the release date and deadline. Moreover, a terminal dock door corresponds to
a machine that can process at most one job at a time. By observing the most general
case of unrelated parallel machines, we address such a truck scheduling problem where

each truck’s processing time depends on different dock-specific factors.

Chapter E of this thesis has looked into such unrelated parallel machine scheduling
problems and designed novel exact and heuristic approaches. Specifically, our exact
algorithm relies on a logic-based Benders decomposition scheme, which we denote as
branch & Benders cut. The heuristic is based on the problem’s reformulation as a
general set partitioning problem, which we refer to as GSPP heuristic. It uses the
heuristic column selection techniques, developed in Chapter B. Both solution approaches
are suited for three different minmax objectives and can be easily adapted to several
model extensions. We have tested the algorithmic performance of the proposed solution
methods in extensive computational experiments. More precisely, we have used newly
generated problem instances and existing benchmark instance sets from the literature.
Our results have shown that the branch & Benders Cut algorithm performs very well,

optimally solving the majority of problem instances within five minutes. The GSPP
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heuristic, too, has demonstrated successful performance. It can obtain optimal or near-
optimal solutions in short computational times, especially for the challenging problem
instances with tight time windows. Thus, depending on the type of the problem instance,
one has to carefully choose an appropriate approach to obtain the desired solution within

the given time limit.
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