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Abstract: This paper investigates the time to complete the boarding of a partially occupied two-door
airplane when its passengers are transported from the airport terminal to the airplane using two
apron buses. We propose a greedy method that assigns each passenger to a particular apron bus
based on the passengers” airplane seat assignments. This greedy approach exploits the airplane’s
symmetry by providing essentially the same method for those boarding through the front door of
the airplane as those boarding through the rear door of the airplane. The symmetrical properties of
window, middle, and aisle seats of each row/side are considered in the proposed method as well.
Computer simulation results indicate that, when using the greedy method, the boarding time can be
reduced by up to 8.33% compared to the boarding time resulting from the best known practices in the
literature, and with up to a 43.72% improvement in boarding time when compared to the boarding
method commonly used in many airports. Furthermore, experimental results confirm our hypothesis
that when the capacity of the apron buses exceeds the number of passengers to be transported to the
airplane, the most time-efficient results of the proposed greedy method occur when an equal number
of passengers are assigned to each of the two apron buses.

Keywords: airplane boarding; apron buses; agent-based modeling; two-door boarding; symmetrical
boarding; greedy algorithm

1. Introduction

In recent years, the use of the apron buses has become a common boarding practice in airports
all over the world as it offers a practical alternative to the use of the jet bridges without the need for
considerable investment on behalf of the airports. Other advantages are minimizing the turnaround
time as the embarkment and disembarkment can be done faster when the two doors of the airplane are
used. Technical issues—such as an airplane’s wingspan being too long to fit near the airport terminal
or the airplane being too heavy for the tarmac at the gate—are solved through the use of the apron
buses. Nevertheless, reducing the costs can also incentivize an airline company to opt for apron buses
instead of jet bridges as, in some cases, the cost of having the sole use of a certain gate can be high
while with the limited number of jet bridges, differential pricing policies might apply [1].
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Being aware that airports employ apron buses for boarding purposes, some of the airline companies
have adjusted their boarding ticket to include information related to which door of the airplane, front
or rear door, should be selected by each passenger when arriving near the airplane [2]. This adjustment
is beneficial for both the passenger as it decreases the passengers’ stress by selecting the wrong door of
the airplane and being forced to walk a long distance in the narrow aisle of the airplane and for the
airline agencies as the boarding time decreases.

Potential cost savings, as a result of shorter turnaround time, have motivated both airline
companies and researchers to reduce airplane boarding time [3-11]. As a result, a series of methods
have been proposed in the literature considering one-door boarding with the use of jet bridges, while
only some of them have been used in practice for airplane boarding [12]. Nyquist and McFadden [9]
and Stainer and Philipp [10] report an average cost of $53.5 per minute delay in boarding. At first
glance, this cost might not seem considerably significant for a single flight, but, if accounting for
the number of flights in Europe, of more than 10 million flights [13], with an average delay [14] of
14.7 minutes per flight reported by Eurocontrol in 2018, the cost becomes substantial.

In this paper, we review the newest methods in the literature for two-door boarding when apron
buses are used, identify the most time-efficient methods, and propose a greedy method with the purpose
of diminishing the overall boarding time in the case of the partially occupied flights. Different levels of
occupancy for the airplanes are considered, ranging between 60% and 90%. The greedy algorithm
exploits the airplane symmetry in the front and in the rear part of the airplane and provides the same
set of rules for each of the two parts. The symmetrical properties of window/middle/aisle seats of each
row/side of the airplane have been considered in the proposed algorithm.

Some airline companies offer passengers the possibility to select their seat in the airplane prior
to boarding, through an online check-in system (see Figure 1) or at the airport. With respect to seat
selection possibility by passengers, this paper considers two situations for seat selection: random seat
assignments and preferential seat assignments.
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Figure 1. Seat selection through an on-line check-in platform.

With random seat assignments, the passengers’ seats are randomly selected by a computer, without
considering any particular scheme, while with preferential seat assignments, each passenger can select
his/her seat either using the airline company webpage or at the check-in desks of the airport. To model
preferential seat selection situations, we use the data extracted through a questionnaire in [12] which
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considered the passenger’s preference for a window/middle/aisle seats along with the inclination to
the front/middle/rear rows of the airplane and the preference/antagonism for the crowded rows.

We provide the rules associated with the greedy method and programmed the model in
NetLogo [15] by taking advantages of the agent-based modeling properties. Through the use of
the BehaviorSpace tool [15], the model is simulated and compared in terms of average boarding
times with the best-performing methods in the literature, namely Reverse Pyramid-A, Hybrid-A, and
Hybrid-B [16]. An Airbus A320 configuration is used, having 30 rows, a single economy class and
two boarding doors located in the front and in the rear side of the airplane as presented in Figure 2.
Considering the symmetry of the layout, we assume that all passengers with seats in rows 1-15 of
the airplane will board through the airplane’s front door and that the remaining passengers (those
with seats in rows 16-30) will board from the rear door. Several luggage situations are also considered.
For further analysis of the proposed approach, we discuss the seat and aisle interferences resulting
from the methods.
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Figure 2. Airbus A320 configuration with 30 seat rows.

The remainder of the paper is organized as follows: Section 2 presents a brief literature review of
the methods used in the case of jet bridges and in the case of boarding with apron buses. Section 3
discuss various aspects related to passenger movement, luggage assumptions, and seat selection.
The agent-based model in NetLogo is also presented in this section along with its main features.
Section 4 presents the rules of the proposed greedy method, while Section 5 presents the numerical
simulation results of the proposed algorithm and compares them with the best-performing methods in
the literature. In this section, we also discuss the occurrence of the seat and aisle interferences and
their impact on the overall boarding time. The paper concludes with a brief summary of highlights.

2. Literature Review

The literature dedicated to the airplane boarding methods can be divided into two major
categories with respect to the methods of transporting passengers between the terminal and the
airplane: Studies that discuss/propose methods of passengers boarding when the airplane is directly
connected to the airport terminal through one or two jet bridges and papers that offer methods for
passengers boarding with two apron buses. A short literature review on some of the relevant papers is
presented in the following section.

2.1. Summary of the Boarding Methods for Jet Bridges Case

When an airplane is connected to the airport terminal through one or two jet-bridges, a series
of boarding methods can be used due to the direct connection between the airplane and the airport
terminal. These methods are featured as boarding seat-by-seat (known as “by seat” strategies), boarding
by forming groups depending on the imposed rules (the so-called “by group” strategies) or random
boarding, where the passengers enter the airplane on a first-come, first-serve basis.

Among the “by group” methods, some of the well-known ones are below [5,9,12,17,18]:

WilMA, in which the passengers are divided into three groups depending on the position of their
seat: near the window, in the middle, or near the aisle. When the boarding process starts, the window
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seat passengers are called to board, followed by the middle seat and aisle seat passengers, respectively.
Within each of the three boarding groups, passengers board in a random sequence. The method benefits
from the simplicity of creating the three boarding groups and provides better boarding times than the
classical random boarding method. Currently, the method is used in practice by United Airlines.

e  Back-to-front: In this case, the airplane is divided into a number of rows, for group boarding,
starting from the rear of the airplane, made of about 1/5 of the rows at a time. The passengers
having seats in each of the groups are called “by group” to board starting from those seated closest
to the rear of the airplane. This method is highly employed in practice by airline companies such
as Air Canada, Air China, Alaska, American Airlines, Delta, British Airways, Cathay Pacific,
Eva Air, Frontier, Japan Airlines, Korean Air, Spirit and Virgin Atlantic;

e  Reverse pyramid uses a diagonal scheme for boarding the groups of passengers, starting with the
window seat passengers in the rear rows of the airplane and ending with those having aisle seats
near the front of the airplane.

Compared to the “by group” methods, the “by seat” methods require more logistics in the airport
as, in this case, each passenger is called (or otherwise aligned) individually for boarding. Some of the
well-known “by seat” methods are proposed by Steffen [4,19,20]. In practice, the “by seat” methods
are used in an adapted manner in which the airlines combine these methods’ advantages with some of
the advantages offered by the “by group” methods. For example, JetBlue uses a “by seat” modified
reverse pyramid on the half zone for passengers boarding, while KLM, on selected flights, has used
a method that combines WilMA and Back-to-front in a “by seat” manner [12]. Additional methods,
“by seat” or “by group”, and their boarding rules can be found in [4,8,21-25].

As for the random boarding methods, both open seating methods (in which passengers do not
have assigned seats) and random boarding with assigned seats methods are used in practice by airline
companies such as Southwest, Air France, Easy]Jet, Lufthansa, Ryanair, Tarom, WizzAir, etc. [12].

The literature examines various factors related to airplane boarding methods. These factors
include: passenger movement [4,19], the presence of carry-on hand luggage [3,4,6,7,26], seat
selection [19,27], airplane characteristics, e.g., the number of rows or airplane type [3,5,20,27,28], airplane
occupancy [3,8,20,23,24,26,29], costs [9], the existence of pre-boarding areas [10], seat and aisle
interferences [30-32], the presence of two jet bridges for boarding [9,33-36], etc. A study made by
Boeing [37], and summarized in [36], states that the time reduction when two doors are used for
boarding instead of just one door is almost five minutes on a 17 minute boarding time, while Nyquist
and McFadden [9] conclude that, in some cases, the time reduction when moving from boarding using
just one door to two doors case can be up to 61% in the no-luggage case and 33% in the case in which
the passengers bring hand luggage inside the airplane.

2.2. Summary of Boarding Methods for Apron Buses Case

The literature related to the use of apron buses is limited. In [38], the authors propose a Back-to-front
approach which reduces the boarding time by up to 8.9% when compared to the random boarding
method commonly used in practice.

Thirteen boarding methods for boarding with two apron buses are proposed in [2]. These methods
have been tested with a full-occupied airplane and increase a decrease in the boarding time by 5.6% to
36.6%. Among them, three methods namely Reverse Pyramid-A, Hybrid-A, and Hybrid-B, provide
the largest boarding time reductions, ranging between 24.2% and 36.6%, depending on the passengers’
luggage volumes. Figures 3-5 present the general scheme for each of these three methods. In these
figures, passengers assigned to the first apron bus (i.e., first group) are designated in yellow seats
while those passengers assigned to the second apron bus (i.e., second group) are designated in blue
seats. Considering that Ferrari and Nagel [27] assert that the efficiency of a boarding strategy may
depend on the airplane occupancy, in [16], the 13 methods have been tested on partially occupied
flights, with an occupancy ranging between 60% and 90%. Two cases for the seat assignments have
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been considered for the simulations: random seat assignment and random with preferences for seat
assignments. The boarding time improvement recorded has been up to 38.6% in the random seat
assignment case when compared to the random boarding method and up to 39.09% with preferential
seat assignments. Even in this case, the three methods, Reverse Pyramid-A, Hybrid-A, and Hybrid-B,
brought the highest boarding time improvement.

In this context, the present paper considers passengers boarding a two-door airplane when apron
buses are used and proposes a greedy method that assigns each passenger to a particular apron bus
based on the passengers” airplane seat assignments. This greedy approach exploits the airplane’s
symmetry by providing essentially the same method for those boarding through front door of the
airplane as those boarding through the rear door of the airplane. Computer simulation results indicate
that when using the greedy method, the boarding time can be reduced when compared to the random
boarding and when compared to the three best-performing methods proposed in [2].
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Figure 3. Reverse Pyramid-A.
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Figure 4. Hybrid-A.
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Figure 5. Hybrid-B.

3. Passenger Seat Assignment, Movement, and Luggage Assumptions

3.1. Passenger Seat Assignment

The greedy method along with the random boarding method and the three methods introduced
in [2] are programmed in NetLogo (Developed at The Cenrer for Connected Learning and Computer
Based Modeling Evanston, IL 60208, United States of America), which benefits from all the advantages
of the agent-based modeling [39-47] and respects the main properties of the agents as they are presented
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in the literature related to autonomy, social ability, responsiveness, proactiveness, adaptability, mobility,
veracity, and rationality [15,48-50]. To make the agent a realistic representative of the passengers
boarding an airplane, a series of assumptions are made and several cases are considered.

The agent-based modeling GUI (graphical user interface) is presented in the Appendix A in
Figure Al. It offers the possibility for the user to easily select the type of airplane under consideration,
the plane capacity, the number of passengers, the luggage combination, the capacity of each of the two
apron buses, etc.

In addition to selecting particular values by the use of the sliders, the agent-based model allows
an individual defining of each of these characteristics, being easy to use in any modeling situation
related to airplane boarding through two doors when the apron buses are used.

In the following, we discuss assumptions we made through the modeling process. For the seat
assignment, we consider two types of seat assignment: random seat assignments and preferential seat
assignments. With random seat assignments, we assume that all the seats occupied by the agents are
randomly generated by a computer, not accounting for the passengers’ preferences for particular seats
or rows of the airplane. This assumption is in line with most of the existing literature on airplane
passenger boarding.

On the other hand, the preferential seat assignment accounts for the preference that a passenger
might have for particular seats located in the front/middle/rear rows of the airplane, or in the
window/middle/aisle seats or on preference/antagonism to crowded areas. All these aspects are
known for a passenger who decides to make online check-in and to select his/her seat, as, in the
online platforms, one can see the airplane scheme and the already selected seats in every part of the
airplane. To include these aspects in our model, we have consider the data extracted by [12] through a
questionnaire and employ the same fitness function used [12] to decide the preference of each passenger
towards a particular seat.

Furthermore, if one conducts his/her own study regarding a particular set of passengers’ preferences
towards different parts of the airplane and the importance given to this preference, the data extracted
can be easily incorporated into the software code, making it even more attractive to specific researchers.

3.2. Passenger Movement Assumptions and Luggage Assumptions

The passenger movement assumptions are in line with [2,16] as we test the proposed greedy
method against the three best-performing methods of the literature for this problem in [16], Reverse
Pyramid-A, Hybrid-A and Hybrid-B, by considering the same initial conditions.

Regarding the passengers’ flow, we assume that all the passengers to be boarded into the airplane
know which apron bus and which door of the airplane to use as they are printed on their boarding
passes. Moreover, we assume passengers board their assigned apron buses and enter the airplane
through their assigned door.

Once the passengers arrive at the gate and are ready to board, we assume that all the passengers
having the 1st apron bus indicated on their ticket will proceed to get on that bus. When there are
no more passengers yet to board the first bus, the bus transports the passengers to near the airplane.
In the meantime, the 2nd bus accommodates the remaining passengers, and then proceeds to the
airplane. Once arrived there, the passengers from the 1st bus select the boarding door based on the
door indicated on their ticket: front or rear. Then, the passengers proceed to the door and step into
the airplane in a random sequence, following a first come, first in approach. When arrived near the
airplane, the passengers belonging to the 2nd apron bus proceed in the same way the passengers of the
first bus did and enter the door indicated on the boarding pass. We assume that none of the passengers
in the 2nd bus will overpass the passengers already in the queue from the 1st bus. This assumption is
in line with the previous observation related to the fact that we consider our passengers to be rational
and behaving appropriately.

The modeling procedure using the agents tracks the passengers’ movement from the time they
step into the airplane until the moment they take their places in their assigned seats. The simulation
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time is measured in ticks (the time unit in NetLogo) and it is accounted from the moment the first
passenger from the first bus steps into the airplane, through the front or the rear door, until the moment
the final passenger from the second bus takes his/her seat.

During the boarding process when passengers walking down the aisle, we assume a default
speed for the agents which can be up to 0.33 m/s. The value of the default speed is adjusted for each
passengers depending on several characteristics related to the number of luggage pieces he/she is
carrying on board and based on the speed of the leading passenger. We assume that no overpassing is
possible while walking through the aisle (readers can find similar assumptions in [11,51,52]). When a
passenger has carry-on bags, the speed is generally reduced, taking a random number between 0.2 m/s
and 0.3 m/s, which is adjusted depending on the speed of the leading passenger [2].

Minimum personal space is considered for the passengers walking down the aisle equal to 0.4 m,
this space is strictly related to the minimum comfort distance people need to feel comfortable and also
to have enough space for the carry-on bag(s) [52].

Two types of passengers interferences are considered as recommended in the literature [8,36,53,54]:
seat and aisle interferences. The aisle interference is linked to the passengers carrying on luggage
as to store it in the overhead compartment, they need a specific luggage storing time. The storing
time depends on the number of hand luggage carried by a passenger as well as the already-stored
luggage. Similar to Audenaert et al. [55] and [2,3,6,11,16], we allow unlimited overhead bin capacity
and employ the following formula to determine luggage storage time:

Tstore = ((NbinLarge + 0.5 NbinSmall + NpassengerLarge
+0.5 NpassengerSmall) X (NpassengerLarge (1)
+0.5 NPassengerSmall) /2) X Trow

where:

Tstore is the time to store the luggage

NbinLarge is the number of large bags in the bin prior to the passenger’s arrival

NbinSmall is the number of small bags in the bin prior to the passenger’s arrival

NpassengerLarge is the number of large bags carried by the passenger

NpassengerSmall is the number of small bags carried by the passenger

Trow is the time for a passenger to walk from one row to the next (when not delayed by another
passenger in front of him/her)

Observe that with Equation (1), the more large bags (NbinLarge) and the more small bags
(NbinSmall) a passenger carries aboard the airplane, the longer the time (Tsfore) for the passenger to
store the luggage.

The values corresponding to the observed boarding time data from those other researchers have
been transformed into ticks, the time unit used by NetLogo, by dividing it by 1.2 and rounding it
up to the nearest integer [2]. Similar to [16], we introduce several carry-on luggage combinations
(see Table 1):

Table 1. The situations considered in the simulation experiments based on the luggage carried.

P fB i he P
Situation ercentages of Bags Carried by the Passengers

0 Bags 1 Small Bag 2 Small Bags 1 Large Bag 1 Large and 1 Small Bag
S1 10% 10% 0% 10% 70%
S2 15% 20% 5% 10% 50%
S3 25% 20% 10% 15% 30%
S4 35% 25% 10% 15% 15%
S5 60% 10% 10% 10% 10%
S6 80% 5% 5% 5% 5%

S7 100% 0% 0% 0% 0%
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The S7 situation considers that none of the passengers will bring any carry-on bags on board,
therefore, in this case, we expect to get zero aisle interferences.

Four types of seat interferences are considered, named Type 1, Type 2, Type 3, and Type 4 [8,36,53,54].
Asacknowledged in the literature [8,36,53,54], it has been determined that there is a negative relationship
between the number of seat interferences and the overall boarding time. Seat interferences (potentially)
delay boarding and, thus, increase the time to complete boarding of the airplane. Figure 6 depicts
the four types of seat interferences. These are all the possible types of seat interferences—covering
all conditions in which a seated passenger must rise to make room for a later arriving passenger to

sit down.
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Figure 6. The types of seat interferences.

Type 1 seat interference occurs when a passenger having a seat near the window arrives in front
of the row in which his/her seat is placed and observes that the middle and the aisle seats closest to
his/her seat are already occupied by two other passengers. In this case, the two passengers need to
leave the row—to enable the window seat passenger to take his/her seat—and after that to re-take their
seats. The average duration of this process has been determined to be equal to 22 seconds, ranging
between 20 and 26 seconds.

Type 2 seat interference occurs when a passenger with a middle seat occupies his/her seat, the
aisle seat is free, and the passenger with the adjacent window seat arrives near the row. In this case,
the passengers with middle seat exits the row—enabling the window seat passenger to sit—and then
returns to his/her place. This action is considered to take, on average, 12 seconds, ranging between 10
and 13 seconds.

Type 3 and Type 4 seat interferences occur when a window or middle seat passenger arrives to
his/her row after the closest aisle seat has been taken. In this case, the passenger with the aisle seat
exits the row, the passenger with the window or middle seat takes his/her seat, and the aisle passenger
returns to his/her place. In both cases, type 3 and type 4, this action takes 10 seconds, ranging between
9 and 13 seconds.

4. Greedy Algorithm

Greedy algorithms have been used in many applications (see for instance, [56]). We provide the
gist of the greedy approach with a simple example. Suppose a person has a set of tasks to complete by
a particular deadline. The person does not have enough time to complete all the tasks on time. Instead,
the person works first on the most important task that can be completed by the deadline. After finishing
that task, the person works next on the most important task that remains on the (now shorter) to-do
list of tasks that can be accomplished by the deadline. The person continues selecting tasks in this way
until there is not sufficient time remaining to complete any of the remaining tasks. This is called a
greedy approach because for each step of the process, the person selects only a single task, based upon
the importance/value of that one task—without considering the effect of that decision on later steps.
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An advantage of the greedy approach is its simplicity. It is a heuristic method, with no guarantee of
optimality. Depending upon the problem, the greedy approach may or may not be effective. In the
context of deciding on the passengers to board each of two apron buses with a two-door partially
occupied airplane, we illustrate that the greedy approach works better than previoulsly described
methods in the literature for solving this problem.

In this context, the problem is to determine which passengers—based on their seats—to assign to
the first apron bus and, by default, the remaining passengers will be assigned to the second apron bus.
Our proposed greedy method begins with an empty first apron bus and assigns passengers to that bus
until we have assigned as many passengers as we want to assign to that first apron bus. In Section 5.1
we determine that the smallest boarding time results from having an equal number of passengers
assigned to each of the two apron buses.

The most important set of passengers to assign to the first apron bus are those passengers sitting
in a window seat in which its adjacent middle seat and its adjacent aisle seat are occupied. This is
identified as set 1 in Table 2 indicated by the X in the window (W) column and a y in the middle (M)
and aisle (A) columns. To ease readability, Table 2 refers only to rows in the front half of the airplane,
while due the symmetry of the airplane, the same principle can be applied to rows in the back half of
the airplane. For example, when Table 2 refers to rows 10-15 (in the front half of the airplane), this
should be interpreted as including as well as the analogous rows 25-30 (in the rear half of the airplane).

The greedy algorithm assigns the X passengers from set 1, and then from set 2, and so on,
proceeding down the table until all the desired passengers have been assigned to the first apron bus.
For the final set of passengers to be assigned to the first bus, if there is only available room on the bus
for a proper subset of them, then the passengers from that subset that are seated in rows closest to the
middle of the airplane will be assigned to the first bus. In general, the sets (and their implied priority)
are chosen to assign passengers to the first bus in a manner that will:

e Reduce the likelihood of seat interferences (especially, interferences of type 1, secondly type 2,
and third types 3 and 4); and
e  Favor congestion towards the middle rows of the airplane.

For example, by assigning the window seat passengers of set 1 to the first bus, we reduce the
probability of seat interferences among those window seat passengers and their adjacent middle and
nearby aisle seat passengers (type 1 seat interference) and the probability of boarding after only one of
those two passengers (type 2 and type 3 seat inferences). The importance of prioritizing the boarding
of these passengers is emphasized by the most time-efficient methods as they allow the boarding of the
window seat passengers prior to other passengers on a fully occupied airplane or partially occupied
airplane. Those best performing methods, like our greedy method, also favor congestion towards the
middle of the airplane for passengers assigned to the first bus and, conversely, avoid congestion near
to either door of the airplane. In the context of a partially occupied airplane, a relative strength of our
proposed greedy method is its differentiation of prioritized sets.

We do not prove that Table 2 contains the best possible prioritized sets of passengers to assign to
the first apron bus. Instead, this table provides the best combination of prioritized sets among those we
have tested. We summarize our rationale for the prioritization of these sets in the rightmost column of
Table 2. More detail on the steps of the greedy algorithm may be found in Algorithm 1.
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Table 2. Prioritized sets of passenger seats to assign to the first apron bus.

*
Set W Se;/t[s A Rows in Front Half of the Airplane Why Assign Set to Apron Bus #1?
1 X y y 1 to 15 Avoid seat interferences type 1,2, and 3
2 X y 5 to 15 Avoid seat interference type 2 in most rows
3 X y 10 to 15 Avoid seat interference types 3 and 4 in
X y 10 to 15 middle rows
4 X y 1 to 4 Avoid seat interference type 2 in rows near
the door
5 X y 1 to 9 Avoid seat interference types 3 and 4 in
X y 1 to 9 most rows
6 y X y 13 to 15 Indifferent to bus #1 or bus #2 except that
X 13 to 15 congestion is better in middle rows with
7 X 13 to 15 bus #1. The congestion impact prioritzes
X 13 to 15 set 6 over set 7.
3 y X 14 to 15 Causes seat interference types 3 and 4 but
y X 14 to 15 only in middle rows
9 y X 14 to 15 Causes seat 1nter.ference type 2 but only in
middle rows
Potentially causes seat interferences of
10 y y X 14 to 15 type 1, 2, and 3 but only in the most middle
rows (where congestion not terrible)
Drawbacks of assigning set to bus #1
;’( X y } :O g Indifferent to bus #1 or bus #2 except that
11 0 congestion is worse in these rows closer to
X 1 to 12 .
the door for bus #1 assignment
X 1 to 12
12 y v ;( } :g g Causes seat interferences type 3 and 4
13 y X 1 to 13 Causes seat interference type 2
Potentially causes seat interferences of
14 y y X 1 to 13 type 1,2, and 3

* Legend: X indicates a passenger in that seat is a member of that set; y indicates a passenger is sitting there in the
set combination but is not a member of the set; blank indicates that no passenger is seated in that seat

Algorithm 1 Greedy algorithm steps

1
2
3
4:
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

//initialization:

bl = number of passengers to be assigned to bus #1
(in particular, bl should be half the total number of passengers on the airplane,
rounded up, if necessary, to the nearest integer)

set# = zero
#assigned = zero

Do until #assigned = b1

set# = set# + 1
Find the set of all passengers from set# with a seat labeled X in a row/side of the

End-if

airplane in which there other passengers sitting where there is a y for that

seat and there are no passengers sitting in a seat marked blank for that set#

If that set has more than (b1 — #assigned) passengers
then reduce that set so that it has only the (b1 - #assigned) passengers that

are seated closest to the middle of the airplane

Assign all passengers from that set to bus #1
#assigned = #assigned + (the number of passengers assigned from that set)
End until loop

Assign the remaining unassigned passengers to bus #2
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5. Numerical Results

Using the BehaviorSpace tool [15] offered by NetLogo, 10,000 simulations have been conducted
for each of the considered cases. We consider various aspects such as the most efficient number of
passengers to get on each apron bus, the average boarding time under different luggage situations, and
by considering random passenger seat assignments and preferential passenger seat assignments, and
other aspects related to passengers boarding, such as the number of seat and aisle interferences.

5.1. Varying the Number of Passengers to be Boarded into the First Apron Bus

In this section, we investigate the best number of passengers to board each apron bus when the
greedy method is used. In this investigation, we consider both types of seat assignments—random
seat assignments and preferential seat assignments. For both seat assignments, we vary the number of
passengers boarding the first apron bus between 64 and 80, for an airplane having an 80% occupancy,
namely 144 passengers, and for the S7 luggage situation. The simulation results are presented in
Table 3 for the random seat assignments situation. From this data we observe that the lowest boarding
time results from assigning 72 of the airplane’s passengers (half of the 144 total) to the first apron bus.
In the tables with boarding times (measured in the time unit of ticks) the lowest (best) boarding times
are in bold font. The confirms our hypothesis prior to conducting the experiment that assigning an
equal number of passengers to each apron bus is best.

Table 3. The average boarding time (in ticks) for 80% occupancy level, random seat assignments, and
the S7 luggage situation.

No. of Passengers
Assigned to First Bus

No. of ticks 1259 1252 1245 1236 1211 1223 1226 1241 12438

64 66 68 70 72 74 76 78 80

We conducted similar simulations for preferential seating assignments. As illustrated in Table 4,
again the minimum boarding time results from assigning half of the airplane’s passengers to the first
apron bus. Assigning 74 passengers to the first bus is better than assigning 70 passengers for both
the random and preferential seating assignments. That is why our proposed greedy method suggests
rounding up (rather than rounding down) the number of passengers boarding the first bus in the event
of an odd number of passengers occupying seats in the airplane.

Table 4. The average boarding time (in ticks) for 80% occupancy level, preferential seat assignments,
and S7 luggage situation.

No. of Passengers
Assigned to First Bus

No. of ticks 131.5 1309 129.7 1282 1254 127.1 1282 1293 130.1

64 66 68 70 72 74 76 78 80

5.2. Random Passenger Seating Assignment

Four occupancy levels, the luggage situation in accordance with 54, and random seat assignments
are considered in Table 5 with the average boarding times resulting from various boarding
methods reported in this table. Comparing the results from three best-performing methods from the
literature—Reverse pyramid-A, Hybrid-A, and Hybrid—-B—we observe that in all the cases, when using
the greedy method (highlighted in grey in Table 5), the average boarding time is smaller than obtained
through the literature’s three best methods applicable to boading a partially occupied two-door airplane
when using two apron buses. On average, there is a 3.86% decrease in boarding time when using
the greedy method instead of the literature’s method that performs best for that occupany level and
luggage situation. Furthermore, when compared to the random boarding method, the overall average
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improvement is 32.36%. This corresponds to an average time reduction of 83.5 ticks (69.58 seconds)
between the greedy method and the random method used in practice. By considering an average cost
of $53.5 per minute [9,10], a cost reduction of $62 is made on each flight with similar characteristics to
the one considered in the study, when the greedy method is used instead of random method.

Table 5. The average boarding times (in ticks) for partial occupancy levels, random seat assignments,
and the 54 luggage situation.

Luggage Situation: 54

Boarding method Average boarding time

Occupancy Level:
60% 70% 80% 90%

Benchmark-practice:

203 240 273 316 258.00 Boarding time improvement

Random
when compared to the best

Benchmark-Ml: Reverse 149 172 192 214 181.75 performing metl.lod/wu%l the
Pyramid-A method used in practice
Benchmark-M2:
Hybrid-A 149 171 193 213 181.50
Benchmark-M3:
Hybrid-B 149 171 207 217 186.00
Greedy 140 162 188 208 174.50 3.86%/32.36%

By varying across all the luggage situations, with random seat assignments, for a particular
occupancy level of 80%, the data in Table 6 is obtained. Based on the individual luggage situations, we
observe that in the 57 case, the time improvement is 8.33% when the greedy method (highlighted in
grey in Table 6) is used instead of the literature’s best-performing methods for this situation of Reverse
Pyramid—A and Hybrid-A. Furthermore, for S7, when comparing the results of the greedy method
with the random boarding method used in practice by airline companies, a time reduction of 94 ticks is
recorded, equivalent to a 43.72% improvement. Smaller time improvements are attained as the number
of hand luggage increase, for example in the S1 situation, the time improvement from using the greedy
method is just 6 ticks faster than when using Hybrid-A. Considering all the luggage situations, an
average of 3.91% results from using the greedy method instead of the literature’s best performing
methods for each situation.

Table 6. The average boarding times (in ticks) for 80% occupancy level, random seat assignments, and
51-57 luggage situations.

Occupancy Level: 80%

Boarding method Luggage Situations:

S1 S2 S3 S4 S5 S6 S7 Average boarding time

Benchmark-practice:

339 315 297 273 262 239 215 277.14
Random TR
Boarding time improvement
Benchmark-M1: when compared to the best
. 251 229 212 192 177 161 132 193.43
Reverse Pyramid-A > performing method/with the
Mo- method used in practice
Benchmark-M2: 249 233 210 193 179 159 132 193.57
Hybrid-A
Benchmark-M3:
Hybrid-B 251 232 213 207 178 159 133 196.14
Greedy 243 224 204 188 169 152 121 185.86 3.91%/32.94%

Considering all the luggage situations and an 80% occupancy level, we observe that the average
time improvement, when compared to the random boarding method commonly used in practice, is
from 277.14 ticks to 185.86 ticks, representing an average time reduction of 32.94%.
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5.3. Preferential Passenger Seat Assignments

For the preferential seat assignments case, the data in Table 7 is determined for the case of 54
luggage situation and various occupancy levels. As with random seat assignments, we observe that in
all the cases the average boarding time obtained through the use of the greedy method (highlighted in
grey in Table 7) is below the times recorded by the benchmark methods. The overall average time
improvement is 2.21% when compared with the literatue’s best-performing method of each situation
and 32.99% when compared to the random boarding method commonly used in practice. Furthermore,
this corresponds to an average boarding time reduction of 87.25 ticks (72.71 seconds) between the cases
in which the greedy method is used instead of random boarding, equivalent to a cost reduction of
$64.83 per flight.

Table 7. The average boarding times (in ticks) for partial occupancy levels, preferential seat assignments,
and the 54 luggage situation.

Luggage Situation: 54

Boarding method Occupancy Level:

A S
60% 70% 80% 90% verage boarding time

Benchmark-practice:

199 248 286 325 264.50
Random
M- Boarding time improvement
Benchmark-M1: Reverse ), 168 197 218 181.25 when compared to the best
Pyramid-A . N
performing method/with the
Bencl.\mark-MZ: 142 169 196 220 181.75 method used in practice
Hybrid-A
Benchmark-M3:
Hybrid-B 143 172 198 220 183.25
Greedy 139 165 192 213 177.25 2.21%/32.99%

Varying across all the luggage situations and for an 80% occupancy level and preferential seating
assignments, the data in Table 8 is obtained. The highest time reduction in this case is for the S7 luggage
situation, where the greedy method (highlighted in grey in Table 8) provides a boarding time reduced
by 6.72% when compared to the literature’s benchmark method that performs best for each situation.

Table 8. The average boarding times (in ticks) for 80% occupancy level, preferential seat assignments,
and S1-57 luggage situations.

Occupancy Level: 80%

Boarding method Luggage Situations:

S1 S2 S5 S4 S5 S6 S7 Average boarding time

Benchmark-practice:

362 332 306 286 268 243 220 288.14

Random AT
Boarding time improvement
Benchmark-M1: 257 237 215 197 177 161 134 196.86 when compared to the best
Reverse Pyramid-A performing method/with the
N method used in practice

Benchmark-M2: 255 239 215 196 179 160 134 196.86
Hybrid-A
Benchmark-M3:
Hybrid-B 254 237 215 198 183 160 134 197.29
Greedy 253 232 213 192 174 157 125 192.29 2.32%/33.27%

Considering the boarding time for the random boarding method in the case of preferential seat
assignment for the S7 luggage situation, 80% occupancy level (220 ticks) and the time provided by the
greedy method (125 ticks), a time improvement of 43.18% results.

Furthermore, by considering the average time for the random boarding method in all the luggage
cases, for 80% occupancy level (288.14 ticks) and the average boarding time provided by the greedy
method (192.29 ticks), the improvement in boarding time is 33.27%.
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5.4. Comparing the Methods in Terms of Seat Interferences

We analyzed the seat interferences to provide further insight into the performance provided by
the greedy method. The S7 luggage situation, 80% occupancy level, and the literature’s benchmark
methods and the greedy method are considered. The 57 luggage situation has been preferred as in this
case, there is no aisle interference and the overall boarding time is mostly explained by the presence of
the seat interferences. The NetLogo 6.1.0 model and a few video simulations featuring 80% occupancy
level, S7 lugagge situation, random passenger seating assignment for the proposed greedy method and
for the considered benchmark methods can be accessed as described in the Supplementary Materials
of this paper.

The data in Table 9 has been obtained for the random seat assignments and the data in Table 10
for the preferential seat assignments. In both tables, only the cases in which the seat interferences had
affected passengers have been considered, meaning that at least one person was waiting in the aisle as
a passenger engaged in one of the types of interferences was occupying the aisle.

Table 9. The average number of interferences with affected passengers for partial occupancy levels,
random seat assignments, and the S7 luggage situation, 80% occupancy level.

Luggage Situation: S7, Occupancy Level 80%

Boarding Method Seat Interferences

Type 1 Type 2 Type 3 Type 4
Benchmark-practice: 738 6.9 6.7 136
Random
Benchmark-M1:
Reverse 0 7.3 0 8.1
Pyramid-A
Benchmark-M2:
Hybrid—A 0 74 0 8.0
Benchmark-M3:
Hybrid-B 0 74 0 8.1
Greedy 0.7 3.0 0.8 9.7

The presence of the interferences is usually connected with less-satisfied passengers, thus, one
might also be interested in reducing the number of the interferences. Considering all the types of
seat interferences, we see that, on average, the greedy method (highlighted in grey) results in a total
of 14.2 interferences with affected passengers, Reverse Pyramid—-A and Hybrid-A have 15.4 seat
interferences with affected passengers, Hybrid-B has 15.5, and the random boarding method has 35
seat interferences for the case of random seat assignments (Table 9).

For the preferential seat assignment, the greedy method results in an average of 14.4 seat
interferences with affected passengers, while the three benchmarks from the literature have an average
of 15.3 seat interferences with affected passengers. The random boarding method has an average of
34.8 seat interferences with affected passengers (Table 10).

Considering the data in Tables 9 and 10, we see that the greedy method provides advantages
for the passengers’ comfort as the method boards them with a minimal number of seat interferences.
We further note that the data on seat interferences provides insight into why the greedy method
consistently results in the best boarding time. Much of the greedy method’s benefits results from
having fewer seat interferences of type 2. Each type 2 interference takes longer than the type 3 and type
4 interferences that occur more frequently with the greedy method than with the other best performing
methods. While the three best performing benchmark methods have none of the (time consuming)
type 1 interferences, the greedy method occasionally has these interferences; with the greedy method
though, the type 1 interferences are limited to passengers boarding the first apron bus and sitting very
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close to the middle of the airplane—a condition where the type 1 seat interference is least impactful on
boarding time.

Table 10. The average number of interferences with affected passengers for partial occupancy levels,
preferential seat assignments, and the S7 luggage situation, 80% occupancy level.

Luggage Situation: S7, Occupancy Level 80%

Boarding Method Seat Interferences
Type 1 Type 2 Type 3 Type 4
Benchmark-practice: 75 57 107 10.9
Random
Benchmark-M1:
Reverse 0 7.6 0 7.7
Pyramid-A
Benchmark-M2:
Hybrid—A 0 7.7 0 7.6
Benchmark-M3:
Hybrid-B 0 7.7 0 7.6
Greedy 0.6 3.2 1.4 9.2

6. Conclusions

This paper extends the research on airplane boarding in the presence of two apron buses when
the front and rear doors of the airplane are used. In particular, this paper proposes a greedy method
that we implemented using an agent-based approach in NetLogo. The greedy method is tested under
various partial airplane occupancy considering seven luggage situations and two seat assignment
situations: with and without preferred seat assignments. When compared to the best-known practices
in the literature, the proposed greedy method provides a boarding time improvement up to 8.33%.
Furthermore, when compared to the random boarding method (commonly used in practice), the time
improvement is up to 43.72%.

Furthermore, the proposed greedy approach provides a relatively comfortable environment for
the passengers while boarding because it results in the lowest average number of seat interferences
with affected passengers. Finally, we found that the best greedy results are attained when an equal
number of passengers boards each of the two apron buses.

Future research can extend the concepts of this paper to address alternative airplane configurations
(e.g., wide-body, two-aisle airplanes) and the consideration of groups of passengers (e.g., families)
traveling together.

Supplementary Materials: The NetLogo 6.1.0 model and a few video simulations featuring 80% occupancy
level, S7 lugagge situation, random passenger seating assignment for the proposed greedy method and for the
considered benchmark methods can be accessed at: https://github.com/liviucotfas/ase-2019-airplane-boarding-
using-apron-buses-greedy-algorithm.
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