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Abstract

Labour shortage in the logistic sector and the poor work conditions as a baggage handler are a major
and highly relevant problem for airports around the world. A solution is provided by Vanderlande In-
dusties: a baggage loading robot. Since the efficiency of the stacking process is sufficeint, operators
that overlook the robot must intervene often. To minimse these interventions, better packings have
to be made. To make better packings, Vanderlande Industries can adapt the sequence in which the
items are presented to the robot. However, literature and the company are not aware of the effects of
sequencing. Thereby in this thesis, we conducted research into sequencing items in various ways for
the Multiple Container Loading Problem (MLCP). We attempted to find out which methods enhance the
fill rate of the packings. In order to understand the academic background of the MCLP, we first looked
at the literature. Additionally, state-of-the-art techniques have been investigated. A trip to Schiphol has
been undertaken to observe the real robot that is resolving the MCLP as a pilot project for Schiphol
in order to put the issue in its proper perspective. From this research, we concluded that there are
various methods for solving the MCLP, however, sequencing methods applied to so far are mostly kept
simple. Moreover, in practice, baggage items are placed in the order where size and weight are de-
creasing. The knowledge gap found was that sequencing for the MCLP is not researched. We present
two different types of algorithms to provide a well performing sequence. The first algorithm, the ge-
netic algorithm, makes use of multiple generations to optimise the sequence. The other algorithm, the
heuristic algorithm, makes use of a set of rules. The resulting packings formed with different sequenc-
ing methods show to be different. According to the simulation performed, the heuristic sequencing
strategy produces the best results for the main scenario in terms of the layer fill rate. The performance
of the packings can with the heuristic sequencer be increased by average with 11 % in comparison with
packings generated with a random item sequence. Additionally, the heuristic sequencer’s packings are
fairly consistent because it consistently manages to place 8 items in one layer of the container. Results
in this study point out that sequencing the items with size decreasing performs worse than the packings
formed from non-sequenced items, with a mean fill rate of 0.71 for the size decreasing items and 0.87
for the heuristically sequenced items. The alternate scenario produces fewer evident outcomes, but
we can point out that simple strategies, such as sorting the items by short side, perform effectively. The
results from this applied method: an increase of 7% in comparison with non-sequenced item packings.
We assume the simple sorting approach worked well since it grouped all similar shaped objects, re-
sulting in tight packings. The genetic algorithm produced slightly better results, with average outcomes
being similar (0.87), but much more consistent packings showing a lower standard deviation of 0.00917
(GA) versus a standard deviation of (0.01747). The results from the heuristic algorithm were the least
efficient. This demonstrates that sequencing using a heuristic is effective, but it is not a reliable strategy
in all circumstances. The genetic algorithm, in comparison, generates generally worse results, but it
can adjust to various situations and configurations. Although the results seem to be convincing, there
rise discussion points. One of the major drawbacks is the fact that in this study, simulations are only
done in two dimensions. This results in a few assumption regarding stacking behaviour. Thereby, a sig-
nificant point of future work can be done by introducing the sequencing algorithm to three-dimensional
simulations.
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Introduction

1.1. Background

Itis the 23rd of April 2022, Schiphol calls on travellers not to come to the airport due to heavy traffic and
a series of cancellations (NOS, 2022a). The military police had to close off the exit lanes to Schiphol.
This chaos was the result of a major strike from all baggage personnel, paired with the high traffic
around the airport. According to (FNV, 2022), the strike was organised for two reasons: poor working
conditions and enormous work pressure. In this introduction, we will explain that baggage handling
personnel have a proven point of concern regarding their work pressure and poor working conditions.

It is undeniable that the world’s demographics is fast changing as a consequence of ageing (United
Nations, 2019). Moreover, according to (Foot, 2008), the approaching retirement of the baby boom
generation raises the risk of future labour shortages. This results in a shortage of labour in some
working class sectors. Meanwhile, the aviation industry is growing significantly. A report from the (IATA,
2019) claims that passenger numbers of many markets will double (or more) by 2035. The problem is
particularly urgent for large airports, since most of them are frequently found in high-growth developing
countries with an even higher shortage of specialized labour (\World Maritime University, 2019). This
labour shortage also impacts the airport Schiphol, which is resulting in a growth in work pressure.

As Joost van Doesburg claimed in (FNV, 2022), baggage handling personnel also works under
poor working conditions. Multiple sources claim that baggage handling leads to pain in their lower back
and shoulders. Following research from (Bergsten et al., 2015), of all workers involved in baggage
handling, 70% and 60% reported pain in, respectively, the lower back and shoulder. Also, according to
(Oxley et al., 2009), 73% of baggage handlers reported trouble with their lower back. In 2000, (U. S.
Bureau of Labor Statistics, 2009), even revealed that airline workers lose time due to injuries up to 5
times the national average. Recent sources claim that these problems also apply to Schiphol (Holdert
& Meindertsma, 2022). These are worrying statistics that need to be addressed.
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