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Agent-based Modelling and Simulation of Airport Terminal
Operations under COVID-19-related Restrictions

Grégory Sanders®,
Delft University of Technology, Delft, The Netherlands

Abstract

The worldwide COVID-19 pandemic has had a tremendous impact on the aviation industry, with a reduction
in passenger demand never seen before. To minimise the spread of the virus and to gain trust from the
public in the airport operations’ safety, airports implemented measures, e.g., physical distancing, entry/exit
temperature screening and more. However, airports do not know what the impact of these measures will be
on the operations’ performance and the passengers’ safety when passenger demand increases back. The goal
of this research is twofold. Firstly, to analyse the impact of current (COVID-19) and future pandemic-related
measures on airport terminal operations. Secondly, to identify plans that airport management agents can
take to control passengers’ flow in a safe, efficient, secure and resilient way. To model and simulate airport
operations, an agent-based model was developed. The proposed model covers the main airport’s handling
processes and simulates local interactions, such as physical distancing between passengers. The obtained
results show that COVID-19 measures can significantly affect the passenger throughput of the handling
processes and the average time passengers are in contact with each other. For instance, a 20% increase in
check-in time (due to additional COVID-19 related paperwork at the check-in desk) can decrease passenger
throughput by 16% and increase the time that passengers are in contact by 23%.

Index Terms - Multi-agent system, Airport operations, COVID-19, Physical distancing, Walking behaviour

1 Introduction

The outbreak of the COVID-19 pandemic has led to a worldwide crisis and presents us today unprecedented
challenges in our life. The aviation industry has been impacted like no other industrial sector. When in March
2020 large clusters of COVID-19 cases were identified in Europe, many countries started to impose travel
restrictions. As a result, the travel demand dropped and global air traffic decreased by 80% compared to the
preceding year [ICAQ, 2020]. The aviation industry has never faced a challenge this large.

To minimise the spread of the COVID-19 virus and regain the public’s trust in the aviation industry’s safety,
airports needed to be made safe. Since at airports passengers are often exposed to many interactions with other
people, airport operators implemented measures. Some examples of measures are physical distancing, entry/exit
temperature screening, prevention of queuing, use of personal protective equipment. To help airports implement
measures, the European Aviation Safety Agency released in June 2020 their "COVID-19 Aviation Health Safety
Protocol" [EASA, 2020]. This report lists measures that airport operators can take for safe operations to
guarantee the passengers’ safety. These measures, for instance social distancing, are widely considered as a
new part of our life. Even though many countries have started vaccination campaigns, it is believed that these
measures, especially wearing a mask and social distancing are habits we will have to adapt for some time.

These recommended measures from EASA already helped many airports in providing safe operations. How-
ever, many airports still do not know the impact of these measures on their operations when passenger demand
will increase. For example, Charleroi Aiport faced a sudden increase in passenger demand during the Christmas
Holiday of 2020. As a result, the airport was too crowded and passengers could not perform physical distancing
[De Herdt, 2020]. Also, airports are very complex because they involve many processes (e.g, check-in, security,
boarding) and many stakeholders (airlines, airport operators), resulting in conflicting objectives. On the one
hand, airports operators have the financial intent to increase revenue and decrease costs. On the other hand,
they also need to make sure that operations are safe for the passengers. While airports are now under financial
pressure, it is hard for them to make decisions primarily since they do not understand the impact of these
measures.

Thus, research is needed regarding the impact of the COVID-19 measures on airport operations and the
associated safety for passengers.

*Msc Student, Air Transport and Operations, Faculty of Aerospace Engineering, Delft University of Technology



To address this problem agent-based modelling and simulation was used in this research. In agent-based
modelling, humans can be modelled as intelligent entities, called agents. These agents can be given certain
traits and behaviour that organise their interaction with the environment. This bottom-up approach allows
for modelling complex sociotechnical systems, such as an airport terminal, in great detail. It also allows for
simulating local interactions in the system, for instance, physical distancing between passengers and analysing
the emergent properties of the global system. These emergent properties can be translated into system-wide key
performance indicators (KPIs), for example passenger throughput, and can be used to asses, e.g, the system’s
performance and safety. Altogether, agent-based modelling is a suitable paradigm to model airport terminal
operations.

The objective of this research is twofold. Firstly, to analyse the impact of current (COVID-19) and future
pandemic-related measures on airport terminal operations. Secondly, to identify plans that airport management
agents can take to control passengers’ flow in a safe, efficient, secure and resilient way.

The Agent-Based Airport Terminal Operations Model (AATOM) was used for this research study [Janssen
et al., 2018]. AATOM is an open-source simulator that can be used for modelling and simulating airport
terminal operations. Since the AATOM model was developed before COVID-19, AATOM was extended to
include COVID-19 related measures.

For this research, first the COVID-19 measures, as EASA proposed in [EASA, 2020], were implemented in
AATOM. Then, to assess the impact of these newly implemented measures new outputs or KPIs were designed
and implemented in AATOM. Hereafter, three different case studies were created to explore the impact of
various measures. Each case study focuses on a different part of the airport, namely the check-in, the security
and the boarding process. These case studies are used to analyse the impact of the COVID-19 measures on the
operations’ performance and the associated health risk for the passengers. Each case study was translated into
a new model-set up of AATOM. Lastly, the results were validated.

This paper is organised as follows. In Section 2 the related work is discussed. The methodology of this
research is explained in Section 3. The agent-based model is discussed in Section 4. Verification of the model is
explained in Section 5. The different case studies are presented in Section 6 and the results are given and dis-
cussed in Section 7 and Section 8. Finally, the conclusions are made in Section 9 together with recommendations
for future work.

2 Related work

This section reviews the literature related to this research study. Section 2.1 reviews different pedestrian
dynamics models to simulate passenger walking behaviour. Section 2.2 reviews other papers that researched
the impact of COVID-19 restrictions on airport operations.

2.1 Pedestrian dynamics models

This section presents the state-of-the-art regarding modelling the dynamics of walking pedestrians. In general
pedestrian dynamics models can be categorised into microscopic models and macroscopic models [Teknomo
et al., 2016]. In microscopic models, every pedestrian is treated as an individual unit and is given a certain
amount of characteristics, for instance direction and speed. The changes in movement of each pedestrian is
influenced by other pedestrians and by the environment. These microscopic models can give great insight in
the local interactions between the pedestrians. Macroscopic models on the other hand are concerned about the
group behaviour of the pedestrians and thus the local interactions are overlooked. It treats pedestrian movement
like a continuous fluid or crowd. Because in macroscopic models the pedestrians are not modelled in detail they
are computationally efficient. However these models are inapplicable to analyse pedestrians interactions and
to analyse if pedestrians are physically distancing. Therefore for this research only microscopic models were
analysed. The following models are all microscopic models.

Gips et al. proposed the benefit-cost cellular model for modelling pedestrian flows [Gipps and Marksjo, 1985].
Blue et al. proposed cellular automata microsimulation for modeling bi-directional pedestrian walkways [Blue
and Adler, 2001]. These two models are cellular automata based models which means that the environment of
the model is discretized in a grid. The downside of this type of models is that the simulation does not reflect
the real behavior of pedestrians because updates in the grid are done heuristically [Ma, 2013, Teknomo et al.,
2016].

The queueing network model was introduced by Lovas et al. [Lgvas, 1994]. In this model the environment
is discretized into links and nodes. Pedestrians move from one node to another node. The movement is
stochastic because it uses Monte Carlo simulations. This model has several drawbacks. Firstly, movement
is uni-dimensional and therefore it is not so realistic because pedestrians walk bi-dimensional. Secondly, the
model cannot not deal with high density environments, like airport terminals. Thirdly, because of the discretized
environment, the model lacks the ability to analyse local interactions between the different agents.



Okazaki introduced a magnetic force model for pedestrian movement simulation with evacuation and queue-
ing [Okazaki and Matsushita, 1993]. This model is based on the magnetic field theory to simulate pedestrian
movement. Helbing et al. came up with the social force model [Helbing et al., 2000]. The social-force model
uses psychological forces that drive pedestrians to move towards their goal as well as keep a proper distance
from other pedestrians and objects. During the literature study, these five models were compared with each
other and it was concluded that the social force model of Helbing et al. [Helbing et al., 2000] was the most
suitable to continue with in the AATOM Model. Key reasons are that the model is continuous and therefore
the simulations look more realistic and it is able to simulate local interactions between pedestrians better. The
values of the parameters of the social forces have a physical meaning and therefore calibrating these parameters
for social distancing is easier.

2.2 Pandemic modelling and analysis

This section presents studies which used (agent-based) models to analyse the impact of COVID-19 on the
performance of airport terminal operations and on the associated passenger health safety.

Kierzkowski et al. uses a discrete event simulation model for different security lane configurations to analyse
the impact of social distancing on the performance of the security [Kierzkowski and Kisiel, 2020]. However this
model lacks the ability to model local interactions between passengers because it is a discrete event simulation
model. Also Kierzkowski et al. only evaluates the performance of the security lanes and not the associated
health safety of the passengers.

Schultz et al. used a cellular automata model to simulate different aircraft boarding strategies under COVID-
19 related restrictions [Schultz and Soolaki, 2020]. He assessed for each boarding strategy the impact on total
boarding time, the feasibility of the procedure and the associated risk of virus transmission. Schultz et al. used
a transmission model which was based on the work of [Miiller et al., 2020]. The cellular automata model is
discrete and therefore the realistic passenger movement can not be obtained. Also the used transmission model
requires assumptions regarding the amount of infected passengers; Schultz et al. considered for each boarding
scenario one passenger with COVID-19. The possible amount of infected passengers is in reality not known
and therefore assessing a boarding strategy based on this assumption is considered to be not conclusive. The
study of Schultz et al. also lacks to analysis of other processes and activities at the airport such as check-in or
security.

Ronchi et al. developed a model-agnostic approach to perform a quantitative assessment of pedestrian
exposure using the outputs of existing microscopic crowd models, namely the trajectories of pedestrians over
time [Ronchi and Lovreglio, 2020]. The model uses a general formulation instead of relying on a specific disease
transmission. For instance the quantification of the pedestrian exposure is based on the distances between
pedestrians, the time pedestrians are exposed and reference points (e.g. pedestrian face each other). It is
therefore universal and can be tailored to new pandemics when there is no compelling understanding in the
transmission of the pandemic. However as this is a model agnostic approach the downside is that the results
depend on the accuracy of the pedestrian dynamics model.

3 Methodology

This research was carried out in four main steps, as shown in Figure 1.

Step 1 of this research study was the literature review. During the literature review, the scope of the model
was set. Firstly, the COVID-19 restrictions for airport operations were identified from [EASA, 2020] and from
interviews with a manager from a regional airport terminal. Secondly, relevant parameters contributing to the
transmission of COVID-19 were analysed such that requirements for the model’s output metrics could be set.

Step 2 was to translate the identified requirements into a specification of the agent-based model. Firstly, the
environment of the model was specified in order to represent airport infrastructure under COVID-19 conditions.
Secondly, the passenger agents were specified to include the distinction between passengers adhering to COVID-
19 rules and others not adhering to rules. Thirdly, the interactions between the agents and the interactions of
the agents with the environment were specified. Specifically, the Helbing social force model, which is part of the
movement module, was calibrated to implement physical distancing when passengers are moving. The activity
module was also extended for the implementation of physical distancing when passengers are queuing.

Step 3 was to implement the defined agent-based model and to set up case studies. Three case studies were
set up to analyse the impact of the COVID-19 measures on the check-in process, security process, and boarding
process. Hereafter, the model was verified to check if it satisfies the model requirements.

Step 4 was to run simulations using the calibrated model to obtain results. For each experiment, 450
simulations were performed on the server to obtain statistically significant results, and this was checked using
the coefficient of variation plot. The coeflicient of variation plots can be consulted in Section 2.2 of Supporting



Work. Also a global sensitivity analysis and Vargha-Delaney A-tests were performed, presented in Section 2.3
and 2.4 of Supporting Work. Lastly, the results were used to draw conclusions.

a) Identification of COVID-19 ¢) Specification of environment
restrictions for airport
operations

g) Implementation of model

f) Airport Performance
and Passenger Health
Safety Estimation

3. Performance and
Health Safety Estimation

d) Specification of interactions h) Analysis of results

b) Identification of
parameters contributing to
COVID-19 transmission. e) Specification of the agents

i) Verification and Validation

4. Analysis of Simulation
Results

2. Agent-based model

1. Scope Selection Definition

Figure 1: Methodology overview

4 The agent-based model

The model used in this paper is an extension of the baseline "Airport And Terminal Operations Model"
(AATOM) with features to simulate passengers adhering to COVID-19 measures and to analyse passengers
health safety. In this model, passengers and airport operators are represented as autonomous intelligent enti-
ties, called agents. These agents are modelled with a particular behaviour approximating humans and placed
in a partially observable airport environment. An overview of the agent-based system is provided in Figure 2.
It shows the different types of agents and their interactions with each other and with the environment. The
elements of this model are further discussed below. Section 4.1 describes the specification of the environment
of the model. Section 4.2 describes the specification of the agents. Section 4.3 describes the specification of
the interactions between passenger agents and the environment. Section 4.4 describes the specification of the
interactions between the passenger agents. The specification of the interactions between passenger agents and
operator agents is provided in [Janssen et al., 2018].

KEEMS /" Operators \ / _ Environmenm
; Flights
« Check-in Operators |« - - .
/ e . /" Physical Objects | Areas
[ //‘/"‘ Security Operators : Queue Separator :
Cj’ ~— e A
I alls
Passengers " | Gate Area
i || -
N ‘ 9 Security Sensors
k 5 N Boarding OperatorS/g" K J j

Figure 2: Overview of the multi-agent system including the different types of agents and their interactions with
each other and the environment.

4.1 Specification of the environment of the model

The model’s environment represents an airport terminal under COVID-19 conditions, as seen in Figure 3. It
resembles an existing regional airport from the Netherlands. The environment consists of three main areas:
the check-in area, the security checkpoint area and the gate area. Shops, restaurants, and restrooms are not
considered in this model because these are not essential to the research study. At many airports, shops and
restaurants are closed due to COVID-19.

The check-in area consists of four sets of check-in desks, each with three desks and one designated queue.
There is a check-in operator (red dot), which checks-in passengers, behind each check-in desk. Three check-ins
are using a common zig-zag queue. One check-in is using three single straight queues. This single queue is
implemented for the purpose of the case study, explained in Section 6.1.
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Figure 3: The environment of the agent-based model.

The security checkpoint area consists of four security lanes and one large common queue. The checkpoint
lanes have a luggage belt, an X-ray sensor and a walk-through metal detector. There are four types of security
operators (A, B, C, D) as indicated in the lower part of Figure 3. Operators A assist passengers in their luggage
drop activity. Operators B perform the x-ray scan activity. Operators C perform the luggage check-activity and
operators D perform a physical check when a passenger is suspicious. The black dots represent the luggage divest
and luggage collect positions. Figure 3 shows three divest and three collect positions per lane, respectively. The
number of divest and collect positions can vary depending on the input to the model.

The gate area consists of two non-Schengen gates (the two most left of Figure 3) and five Schengen gates.
Each gate consists of seats, a queue for boarding and a boarding agent. The passengers can use the queue to
line up before boarding. The seats can be used by the passengers when waiting before boarding. For case study
3, described in Section 6.3, only the most left non-Schengen gate is considered, which has 100 seats. Since
airport operators have to guarantee physical distancing, only every second seat is available for the passengers.
The other seats are marked as "blocked".

4.2 Specification of the agents

The model contains three types of agents: passenger agents adhering to COVID-19 rules, passenger agents not
adhering to COVID-19 rules and operator agents. These three types all share the AATOM cognitive architecture
described by [Janssen et al., 2018] and shown in Figure 4. The shaded blocks of Figure 4 show the extensions
and improvements made to the baseline AATOM model.
Agents have a certain set of goals that determine their be-
haviour. Their goals are stored in their goal module. Using the
planning module, agents can generate plans based on their goals.
Besides planning, agents can perform analysis (about e.g., the
environment) and make decisions (about e.g., activities). This is I
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Figure 4: Cognitive architecture of AATOM



4.2.1 Specification of passenger agents

Passenger agents can complete different activities, namely: check-in, security checkpoint, gate, boarding and
queue activity. They are characterised by the same mass (80 kg), colour (red) and diameter (40 ¢cm). The mass
and the diameter of the passenger agents are used in the Helbing social force model. The Helbing social force
model models the passengers’” movement and is explained in Section 4.4.1. Passengers adhering to physical
distancing are defined by their Helbing constants, A = 250 Newton and B = 0.5 meter. These passengers have
a "Queue Stop Distance value" or simply @ constant of 1.5 meters. This means that during queuing, they stop
at 1.5 meters behind other passenger agents. The ) constant is used in the queue activity, explained in 4.4.2.
Passengers not adhering to physical distancing have A equal to 250 Newton, B equal to 0.1 meter and @ equal
to 1 meter.

4.2.2 Specification of operator agents

Operator agents need to do specific tasks in the airport, namely: check-in, luggage assist, x-ray, luggage check,
physical check and boarding activity. During the boarding activity, boarding operators have the goal to board
passenger agents as quickly as possible. Boarding operator agents are defined by their boarding pass check time
(tse) and their boarding group size (GS). The GS is the number of passenger agents that the operator can call
to come boarding at the same time. The t;. is the time the boarding operator needs to check the boarding pass
of a passenger agent. The rest of the activities is explained in [Janssen et al., 2018].

4.3 Specification of the interactions between passenger agents and environment

The model considers three mandatory airport terminal activities for the passenger agents: check-in activity,
security checkpoint activity and the boarding activity.

During the check-in activity a passenger agent has the goal to get checked-in as quickly as possible. Depend-
ing on the passengers flight, the passenger has to check-in at a certain check-in. If the desks of the respective
check-in are already occupied, then the agent can queue in the designated queuing area. At the check-in, the
passenger has to wait for some time t.; according to variable normal distribution. The value of t.; of is dependent
on the check-in operator and is given in Table 1.

During the security checkpoint activity, a passenger has the goal to pass the security checkpoint as quickly
as possible. If there is a divest point available at one of the security lanes, then the passenger can start the
security checkpoint activity. The passenger first drops the luggage in a certain amount of time ¢4 at the divest
area. Then if the walk-through metal detector is free, the passenger walks through this sensor. If the alarm of
the sensor goes off, the passenger is physically checked by the security operators. Hereafter, the passenger can
collect the luggage in a certain amount of time . at one of the available collection positions. The values of .
and ty4 are given in Table 2.

During the boarding activity, the passenger has the goal to board as quickly as possible. While in pre-
COVID-19 conditions passengers would board in any order (independent on their seat number) this model
considers a specific boarding strategy. The procedure used in the model is called "back-to-front" procedure and
is also advised by the EASA [Schultz and Soolaki, 2020]. This means that passengers are boarded by rows,
starting with the last row at the back of the aircraft. As this requires some organisation, a boarding operator
in the model is introduced for each gate. The boarding operator calls a specific group of passengers to start
their boarding activity. The group of passengers then line up in front of the gate counter in the queuing area.
The passengers board one by one. The boarding operator checks the boarding pass of every passenger. After
all passengers of the boarding group are boarded, then directly a new group is called to board by the boarding
operator.

4.4 Specification of the interactions between passenger agents

Physical distancing has an impact on the interaction between passengers. For this study, the movement module
and the activity module of the baseline AATOM model were revised to include physical distancing between the
agents when they are walking and when they are queuing.

4.4.1 Movement module: social force model

The Helbing social force model handles the movement of passenger agents [Helbing et al., 2000]. It is performed
in the actuation module of the cognitive architecture presented in Figure 4. The model assumes that the
passengers’ movement is guided by a superposition of attractive and repulsive forces, determining the passengers’
walking behaviour.

The formula to calculate the velocity change dv; of each passenger ¢ is given by Equation 1 and follows
Newton Second Law. Each passenger ¢ with mass m; (in total there are N passengers) wants to move in



direction of their goal & with a desired speed @ (equal to 1.4 m/s). However, each passenger i needs to adapt
its actual velocity v; Wlth time characteristic 7; (equal to 0.5 sec) to keep distance with other passengers (j)
and physical objects such as walls (W). The repulsive forces are expressed as f” and sz The repulsive
forces consist out of a social repulsion force fsocwl rep., & pushing force fpush and a friction force ff”c. The
pushing force and a friction force refer to the forces when passengers collide with each other. These forces
are not important for the model because passengers are not allowed to touch each other; they need to keep
their distance. The social repulsion force f;ocmz rep., on the other hand, is important for simulating physical
distancing.
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The social repulsion force fzocial rep. 15 modelled by Equation 2 and was calibrated in order to simulate
physical distancing between the agents. It models the psychological tendency of two pedestrians ¢ and j to stay
away from each other. 7;; is the sum of the radii of pedestrian ¢ with radius r; and pedestrian j with radius
j. di; is the absolute distance between the pedestrians i and j (taken from their center of mass). 7;; is the
normalised vector from pedestrian j to ¢ and is calculated by: ;; = (n}],nfj) = (7, — 7;)/dij. A; and B; are
the "Helbing" constants [Helbing et al., 2000]. These Helbing constants define the distance between passengers
and are therefore crucial in modelling physical distancing.

.]?Social rep. — Aie(mj_dij)/Bi ’Fiij (2)

In the baseline AATOM model, no difference was made between the social repulsion force of two agents and
the social repulsion force of an agent and an object. The values of A and B for both scenarios were taken 250 [N]
and 0.1 [m], respectively. However, in the model for this research study, the distinction is made between both.
In this model, every passenger agent that performs physical distancing is given two sets of Helbing parameters.
One set of parameters to simulate the social repulsion force of a passenger agent with the environment. Another
set of parameters to simulate the social repulsion force of a passenger agent with other passenger agents. For
the first set, the values of A and B were taken to be equal to the original values 250 [N] and 0.1 [m] such that
emergence of the interactions is similar to the baseline AATOM model. For the second set, the B value was
calibrated to represent physical distancing between agents. In Figure 5 one can see the impact of parameter B
on the social repulsion force. The higher the B value, the earlier the social repulsion force is activated. The B
was increased to 0.5 meter (while A remains 250 [N]). It was visually inspected by simulation that a B value 0.5
meter guarantees a physical distancing between passengers while still representing correct walking behaviour.

Social Repulsion Force vs Distance
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Figure 5: Plot of social repulsion force fsocial repuision [IN] vs distance between the passengers d;; [m]. For both
graphs A is 250 [N]. The blue graph is the social repulsion force of the baseline AATOM model (when agents
are not physically distancing). The orange graph is the social repulsion force for the extended AATOM model
where agents are physically distancing.

4.4.2 Activity module: queue activity

For this study, the queue activity, which is a part of the activity model, was defined. In the activity module the
activities, an agent will execute, are prepared based on the inputs from the reasoning module (which is part of
the strategic layer).

The queue activity is executed by a passenger agent when the next planned activity cannot be executed
due to capacity limitations. For example, when an agent is at the end of the check-in queue and observes that
all desks are occupied then queue activity is executed. Passenger agents also perform the queue activity when
other passengers are queuing in front of them. The queue activity is modelled as a sequence of waiting periods.
It ends when the passenger agent in front moves forward, or when the planned next activity is available [Janssen
et al., 2018].



In the baseline AATOM model, passengers were queueing 1 meter from each other. For this research study,
the distance (or @ value, explained in Section 4.2.1) was increased to 1.5 meters for passengers adhering to
physical distancing.

4.5 Metrics for airport operations performance and passenger health safety

Two analysers were added to the model to analyse the passenger health safety. The agent-based model is able to
identify at each time point which passenger agents are not performing physical distancing, this will be referred
to as using "agents that are in contact". One analyser was implemented in the model that represents the number
of passengers that are in contact at every time step. This is shown in Figure 6(a). This analyser is used to
determine the contact locations.

A second analyser, presented in Figure 6(b), integrates the first and represents the total time of all passengers
that were in contact. This analyser is used as a metric for results of the case studies presented in Section 7.
A third analyser, in Figure 6(c), shows the summed contact time but with a distinction between ’face-to-face’
contacts and ’everything-back contacts’.
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Figure 6: The passenger contact analysers

The orientation of each passenger is calculated based on the speed vector of the passenger’s last movement.
Using the orientation, a distinction is made between two type of contacts: "Face-to-face" contacts, shown in
Figure 7(b) and "Everything-back" contacts, shown in Figure 7(c) and Figure 7(d). "Face-to-face" contacts are
defined as passengers that are closer than 1.5 meter from each other and are facing each other: they are in
front of each other and their difference in orientation is larger than 100 degrees. "Face-to-face" contacts are
considered as the worst type of contact because virus particles can be spread more direct [Sciensano, 2021].

(a) Physical distancing (b) Face-to-face contact (¢) Face-to-back contact (d) Back-to-back contact

Figure 7: Type of contacts

5 Verification

An essential step in the development of the agent-based model is verification. This section explains the actions
taken to verify the agent-based model.

Verification is the process of determining that the agent-based model implementation correctly represents
the requirements or the specification of the model. In essence, this means that we need to check if the model
does what we think it is supposed to do [Ormerod and Rosewell, 2009].

Since the developments of new additions to the agent-based model was an iterative process, the verification
was also iterative. All the extensions made to AATOM are visualized in the UML diagrams, Figure 1.1 and 1.2
of Supporting Work. After every addition to the model, a verification step was performed.

For the additions implemented in the movement module and the activity module, explained in Section 4.4.1
and 4.4.2, physical distancing was verified by observation. The advantage of the Graphical User Interface (GUI)



option in AATOM, is that it gives you direct feedback about the model’s implementation. For the verification
of the implementation of physical distancing, an extra feature to the model was added; the colour of a passenger
turns black when the passenger is not performing physical distancing. Several tests were performed using the
model set-up explained in Section 6.1. From the observations from the simulation runs, it was verified that
moving passengers were physically distancing when using the new A and B values. For the queue activity,
some bugs in the model were encountered. Since the ) values were increased to 1.5 meters, passengers were
sometimes ending stuck in queues. Due to the increase in @), passengers were sometimes queuing when they
didn’t need to: when they observed queueing passengers at the other side of a queue wall. This bug was fixed
by adding an additional algorithm to the model, presented in Chapter 1 of Supporting Work. Additions made
to the code were also always verified by using print commands. For instance, to verify which activity passenger
agents performed, each passenger’s activity was printed, including the agent identification to easily trace errors.

The safety metrics, explained in Section 4.5, were verified by comparing the GUI observations with the
model’s output graphs. For example, when the colour of two passenger agents turns black (which means they
are not physically distancing), the safety metric graph should increase.

The throughput metric of each passenger’s handling process was verified by comparing the number of gen-
erated agents with the throughput metric’s output (how many passengers passed the check-in, security and
boarding). As a result, we know that the throughput metric works correctly and no passenger agents are
getting stuck because the throughput matches the number of agents generated.

Lastly, the model was also verified for rare errors. Because the model is stochastic, errors in the code can
still exist if one only checks for errors by running a few simulations. Therefore, the model was tested by running
many simulations (over 1000 simulations per model set-up). Errors in the code could be found by checking
for outliers in the output files. Since the random seed was logged for every simulation, outliers could be easily
traced back to a particular simulation run.

6 Case studies

For this research, three different case studies are performed. The first three case studies each analyse one process
at the airport in depth. The check-in process is analysed in Section 6.1. The security process is analysed in
Section 6.2. The boarding process is analysed in Section 6.3. In each case study, different hypotheses are
answered by simulating various scenarios in which different COVID-19 measures are modelled. Every scenario
is simulated 450 times on the server. These three case studies all share a common goal: they aim to analyse the
impact of the COVID-19 measures on the performance of the process and the passengers’ health safety. The
model set-up and the used metrics are explained in the following three sections.

6.1 Case study 1: check-in

In this case study only the check-in is considered, as presented in Figure 3. This case study aims to analyse the
impact of three COVID-19 measures: First, the impact of physical distancing between passengers. Secondly,
the impact of longer waiting times at the desk due to additional paperwork related to COVID-19. Thirdly, the
impact of a different queue lay out, for instance three straight queues instead of one commong zig-zag queue.

The following three metrics are developed to analyse the effect of these measures on the system’s performance
and the associated health safety of the passengers:

1. Check-in throughput T, calculated in passengers per hour. Check-in throughput is defined as the number
of passengers that were served by a check-in area in a specific time period. Note a check-in area consists out of
three check-in desks, as explained in Section 4.1.

2. Average contact time per passenger Cp,,, calculated in seconds. Contact time per passenger is defined
as the time duration for which a passenger agent is not able to perform at least 1.5 meters physical distancing.
For the check-in case study, two variants of this metric were designed. Namely, A) the average contact time per
passenger in the check-in queue Cpag,,,- This metric only considers the contact time of a passenger for which
the passenger was in the queue during the check-in process. B) The average contact time per passenger at the
check-in desk Cpae,.,,- This metric is thus only calculated for the passengers that are at the desk. These two
variants were implemented to understand at which location the passenger is exposed the most: in the queue or
at the desk.

Using these metrics, five different hypotheses were found to be the most interesting to analyse:

e Hypothesis 1: Physical distancing decreases check-in throughput T¢.

« Hypothesis 2: Physical distancing decreases average contact time per passenger in the queue Cpqz,, @

o Hypothesis 3: A 20% increase in check-in time t.; increases the average contact time per passenger in
the queue Cpaz,, Q"

o Hypothesis 4: Three single straight queues (instead of one common zig-zag queue) result in a higher
check-in throughput T¢.



o Hypothesis 5: Three single straight queues (instead of one common zig-zag queue) result in a lower

average contact time per passenger Cpqy o

These four hypotheses are tested by simulating five different scenarios. The environment for each scenario is
the check-in area, as shown in Figure 3. Passenger agents are generated in front of check-in queue and they
only perform the check-in activity and the queue activity. The inputs to the model for each scenario are given
in Table 1.

Scenario 1 models a pre-COVID-19 situation. No COVID-19 measures are modelled in this scenario. Thus,
passenger agents do not perform physical distancing. No extra paperwork is required. Therefore, the check-in
time t.; follows a normal distribution with a mean of 60 minutes and a variance of 6 minutes. This is based on
data that is gathered before COVID-19 [Janssen et al., 2019] [Janssen et al., 2020]. Passenger agents are using
a common zig-zag queue (explained in Section section 4.1). In scenario 2, the 1.5-meter physical distancing
measure is modelled. Scenario 1 and 2 are used to test hypotheses 1 and 2. In scenario 3, a 20% increase
in check-in time t.; is modelled, thus N(72,6), in order to account for additional health questions and more
paperwork related to COVID-19. This scenario is used to test hypothesis 3. In scenario 4, the measures of
scenario 2 and 3 are modelled together. Lastly, in scenario 5 passenger agents use a straight check-in queue
instead of a common zig-zag queue. This scenario is used to test hypotheses 4 and 5.

6.2 Case study 2: security

Case study 2 only considers the security process. This case study’s environment is the security checkpoint area,
as shown in Figure 3. This case study aims to analyse the impact of the COVID-19 measures on the performance
of the security checkpoints and the associated passenger health safety. Similar metrics as for the check-in case
study are used, namely:

1. Average security throughput Tg, calculated in passengers per hour. Security throughput is defined as the
number of passengers that were served by two security lanes in a specific time period.

2. Average contact time per passenger Cpq, calculated in seconds. Two variants of this metric were designed
to identify at which location most contacts occur. Namely, A) the average contact time per passenger in the

security queue Cpaz g 0" B) The average contact time per passenger at the security lane Cpaz, -

Also for this case study some hypotheses were found interesting to be analyzed:

o« Hypothesis 6: An increase in luggage divest time t; and luggage collect time ¢, result in a lower security
throughput Ts.

e Hypothesis 7: An increase in luggage divest time t; and luggage collect time ¢. result a higher average
contact time per passenger Cpaz,, and Cpaz, .

e Hypothesis 8: Less luggage divest ng and luggage collect n. positions result in a lower average contact

time per passenger Cpae, and Cpazg@‘

To test these hypotheses seven different scenarios were designed. In each scenario, only two security lanes are
open. Passenger agents are generated in front of the queue of the security checkpoint. They only perform the
queue activity and the security checkpoint activity. The inputs to the model for each scenario are given in
Table 2.

Scenario 1 is the baseline scenario with parameters simulating the pre-COVID19 situation, thus without any
COVID-19 measures. Three luggage divest ng and three luggage collect n. positions are implemented per lane.
Thus, passenger agents are standing there close to each other. The distributions for the luggage divest time tq4
and the collect time ¢, are based on [Janssen et al., 2019].

Scenario 2 considers an increase of 20% in divest time t; and collection time t.. From interviews with
airport stakeholders it was revealed that security operators do not actively support passengers anymore during
divesting which results in more time needed for passengers. When passengers place items incorrectly in the
trays, operators try to minimise contact with the passengers’ belongings. Therefore, they let passengers rather
reorganise their items themselves which results in additional time. This scenario is used to test hypothesis 6
and 7.

Scenario 4, 5, 6 and 7 consider different number divest ny and collect positions n.. Since the divesting and
collection area is generally very crowded, pre-COVID-19 configurations with three divest positions and three
collect positions per lane do not correspond to physical distance regulations any longer. These scenarios are
used to test hypothesis 8.

6.3 Case study 3: boarding

For case study 3, only boarding is considered. Only one gate area is considered as explained in Section 4.1 and
shown in Figure 3. This case study aims to analyse the impact of the COVID-19 measures on the boarding
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procedure. For this case study, 50 passengers are considered representing a regional flight with a B737 with a
load-factor of 1/3, based on expert knowledge [Dilweg, 2021]. Tt is assumed that 50 passengers are all sitting at
the start of the simulation. For this case study two metrics are considered, namely:

1. The average time to board 50 passengers T, calculated in minutes. Note: the time starts when the first
passenger agent starts the boarding process (when the passenger agent leaves the seat) and it ends when the
last (50th) passenger agent is boarded.

2. The average contact time per passenger Cpqz, calculated in minutes.

Using these metrics, four different hypotheses were found interesting to be analysed:

o Hypothesis 9: Physical distancing increases the total time to board 50 passengers Tg.

e Hypothesis 10: Boarding in smaller groups increases the total time to board 50 passengers Ts.

o Hypothesis 11: Boarding in smaller groups decreases the average time passengers are in contact Cpqz.

e Hypothesis 12: A higher average boarding pass check-time t;. increases the average time passengers are
in contact Cpqsz-

These hypotheses are tested by simulating four different scenarios. The inputs to the model for each scenario are
given in Table 3. Scenario 1 is the baseline scenario in which passengers do not maintain physical distance, they
board in groups of 10 and the t;. follows a normal distribution with mean 10 seconds and variance 1 second.
In scenario 2, passengers board in smaller groups of 5 passengers. This scenario is used to test hypotheses 10
and 11. In scenario 3 physical distancing is modelled to test hypothesis 9. Lastly, for hypothesis 12 scenario 4
simulates the impact of a higher t,. because airlines often ask health questions (related to COVID-19) before
checking the boarding pass.

7 Results

In this section the results for the case studies of section 6 are discussed. To test each hypothesis also the results
from the global sensitivity analysis and the Vargha-Delaney A-test are used. The coefficients of correlation and
the A-test values are presented in Section 2.3 and 2.4 of Supporting Work.

7.1 Results for case study 1: check-in

Table 1 presents the results of the check-in case study, Sec-
tion 6.1.

For hypothesis 1, Table 1 shows that scenario 1 and
2 result in the same check-in throughput 7T, namely 167
passengers per hour. This means that physical distancing
PD does not influence the check-in throughput 7. This
was confirmed by the coefficient of correlation ppp 1., = - S ="
—0.11 with p-value = 0. Since the ppp 1. < 0.4 (rule
of thumb) we can say there is no significant correlation
between these two variables. Also, Ais-value is close to 0.5,
meaning there is no significant difference in throughput for
the two scenarios. Thus, we can reject hypothesis 1.

For hypothesis 2, Table 1 shows that in scenario 1 a B ’ ’ : B
passenger is on average 4 seconds in contact at the desk Figure 8: Heatmap scenario 2. The dark blue areas
Cpaz, and 1 minute and 25 seconds in contact with other represent the hot spots of passenger contacts.
passengers in the queue Cpqap,, o For scenario 2, Cpaz,.,, is the same but Cpaz,, o reduced with 41%. This means
that physical distancing does decrease Cpaz,. o This is confirmed by the strong negative correlation coefficient:
PPD.Cpazcg = —0.9 with p-value = 0. Therefore, we can support hypothesis 2.

For hypothesis 3, it can be deduced from scenario 3 in Table 1 that an extra 20% more check-in time t.;
(due to e.g., extra COVID-19 related paper work) increases the average contact time per passenger in the
queue Cpag,, by 23%. The coefficient of correlation PteiCpasgy = +0.72 with p = 0. This means there is a
significant positive correlation between t.; and Cpaz ., o Therefore, we can support hypothesis 3. This is
reasonable because t.; also reduces the check-in throughput T with 16 % which results in longer waiting times
for passengers in the queue.

For hypothesis 4 and 5, three single queues were implemented in scenario 5 instead of one common zig-zag
queue. Table 1 reveals that straight queues increase passenger throughput with a small 3%. The coefficient
of correlation pgr 1. equals 0.24, which is lower than 0.4, meaning there is no significant correlation. We can
reject hypothesis 4.

i
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The introduction of three single queues also reduced Cpaz,.,, by 50% and Cpaz,. o DY 42%. The coefficients
of correlation pgr,c,,.., and PQT.Cpasg, a1 -0.86 and -0.74. This confirms that single queues reduce the
average contact time per passenger Cp,,. Hypothesis 5 can be supported. The reason for this reduction
is threefold: 1. Due to the three straight queues, the passenger flow from the end of the queue towards the
check-in desk is more efficient. Fewer passengers interfere with each other because there are three queue exits
instead of one. 2. The absence of corners in a straight queue. Figure 8 shows that in a zig-zag most contacts
occur in the corners (dark blue dots). In a straight queue, Passengers do not need to turn while queuing. When
passengers are turning, they focus less on other passengers than when they walk in a straight line. 3. The
model implementation: a passenger agent is programmed to stop when observing other passenger agents that
are in queueing mode and are at 1.5 meters distance. At corners, the passenger’s observation can be blocked by
a wall which causes that other passenger agents are observed too late (when the passengers are already closer
than 1.5 meters).

Table 1: Results of case study 1: check-in. PD means physical distancing, t.; means time to check-in. Note
that percentages are given w.r.t. the baseline scenario 1. For every scenario 450 simulations were performed.

Check-in Input to Model Te Cpazop Cpaz, 5
scenario | Queue Type | PD | tu 1 a? 1 o? m o?
[sec] [pax/h] [pax?/h?] | [min:sec] [sec?] | [min:sec] [sec?]

1 One common | No | N(60,6) | 167 0.3136 00:04 0.0410 | 01:25 1.6543
2 One common | Yes | N(60,6) | 167 0% 0.3548 00:04 0% 0.0365 | 00:50 -41% | 3.1109
3 One common | No | N(72,6) | 140 -16% | 0.4750 00:04 0% 0.0334 | 01:45 23% | 1.9986
4 One common | Yes | N(72,6) | 140 -16% | 0.6131 00:04 0% 0.0337 | 01:03 -26% | 6.2027
5 Three single | Yes | N(72,6) | 145 -13% | 0.3422 00:02 -50% | 0.0194 | 00:27 -68% | 23.773

7.2 Results for case study 2: security

Table 2 presents the results for this case study. In the base-

line scenario, where the parameters from [Janssen et al., T w”
2019] were used, the throughout for the 2 lanes Ts is

230 passengers per hour. This is equal to 1.92 passengers

per minute per lane, which is in line with the findings of

[Janssen et al., 2019]. As for the check-in case study, we ob-

serve from scenario 3 that physical distancing PD does not

influence the security’s throughput. Because the physical

distancing is already analysed in the previous case study, | ‘nm
no further analysis is needed.

For hypotheses 6 and 7, scenario 1 and 2 can be com-
pared. In scenario 2, a 20% increase in divest t4 and collect
t. time was implemented (because operators do not actively - : : -
support passengers to diminish the interactions). Table 2 Figure 9: Heatmap scenario 3. The dark blue areas
shows that an increase in ¢ and ¢, has a negative influence represent the hot spots of passenger contacts.
on the throughput T's. Throughput reduces by 10%. This reduction is supported by the coefficient of correlation
Pty Ts = Pt., Ts = —0.51 with a p-value of 0. Therefore hypothesis 6 can be supported. The average contact
time per passenger at the security lane Cpaq,, and in the queue Cpqq, o increased by around 13% and 15%.
The coefficients of correlation are 0.42 and 0.39. Since this is lower than 0.4 (rule of thumb), we can’t say there
is a significant correlation. Therefore, we need to reject hypothesis 7.

From Figure 9, it was observed that most contacts happen at the luggage divest and collect area of the
security system, therefore different number of luggage divest ng and collect n. positions were implemented. For
Hypothesis 8 we can compare scenario 4, 5, 6 and 7 in Table 2. Table 2 shows that a reduction in ng and n.
lowers the average contact time per passenger at the security lane Cpq., . This correlation is confirmed by the
coefficients: pn, c,..., = 0.9 and py,, c,,.., = 0.76 (both with p = 0). Hypothesis 8 can be supported.

However, Table 2 also shows that a reduction in ny and n. lowers the security throughput Ts. To find an
optimal between the positive influence of ng and n. on the Cp,, and the negative influence on T's, some more
analysis of the scenarios is needed:

Comparing scenario 4 with scenario 5 shows that a "one divest position less" measure improves the Cpqz
better than "one collect position less". From this, we can conclude in the luggage divest area more passenger
contacts happen than in the collect area. Both measures have almost the same impact on security throughput
Ts, around 160 passengers per hour.

In scenario 6, one divest position less (scenario 4) and one collect position less (scenario 5) were implemented
together. Table 2 shows that throughput reduces to 137 passengers per hour. The contact time at the security
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lane is reduced to 9 seconds per passenger, which means that almost no contacts occur at the security lane.

Lastly, in scenario 7 only 1 divest position and 1 collect position per lane was implmented. For this scenario,
the throughput T's dropped even further to only 69 passengers per hour. The average contact time per passenger
at the security lane dropped to 2 seconds per passenger while the contact time in the queue increased to 4 minutes
and 20 seconds.

From this comparison, my recommendation to airport managers is to have only two divest and two collect
positions per lane (as simulated in scenario 6) to adequately diminish passenger interactions. However, as
this measure reduces the throughput to only 137 passengers per hour, opening of an additional lane should be
considered to decrease queueing time.

Table 2: Results of case study 2: security. PD means physical distancing, ¢4 luggage drop time, t. luggage
collect time, ngy number of divest positions per lane and n. number of collect positions per lane. Note that
percentages are given w.r.t. the baseline scenario 1. For every scenario 450 simulations were performed.

Security Input to Model Ts Chaz g, Cpaz °
scenario | PD | tg4 te Ng | Ne | B o? m o? m o?
[sec] [sec] [pax/h] [pax?/h?] | [min:sec] [sec?] | [min:sec] [sec?]

1 No | N(54, 36) | N(71,54) | 3 3 230 15.9250 01:05 3.1485 | 01:52 4.9035
2 No | N(65, 36) | N(85,54) | 3 3 206 -10% | 12.9633 01:13 13% | 2.9601 | 02:09 15% 3.2523
3 Yes | N(65, 36) | N(85,54) | 3 3 206 -10% | 15.0640 01:13 12% | 4.9906 | 01:13 -35% | 31.879
4 Yes | N(65, 36) | N(85,54) | 2 3 165 -28% | 13.8631 00:28 -57% | 7.6131 | 01:36 -15% | 68.954
5 Yes | N(65, 36) | N(85,54) | 3 2 155 -33% | 16.8833 00:59 -9% 7.9570 | 01:51 -1% 75.153
6 Yes | N(65,36) | N(85,54) | 2 |2 | 137 40% | 101974 | 00:09  -86% | 3.9940 | 02:01 8% | 78.221
7 Yes | N(65, 36) | N(85,54) | 1 1 69 -70% | 17.7884 00:02 -97% | 0.2418 | 04:20 132% | 559.09

7.3 Results for case study 3: boarding

In case study, 3 different boarding strategies were analysed. In total 5 scenarios were simulated. The results
are shown in Table 3.

For hypothesis 9, scenario 2 and 3 are compared. Scenario 2 in Table 3 shows that when passengers are
not performing physical distancing PD, the time to board 50 passengers T is 4 minutes and 49 seconds.
When passengers are performing physical distancing the time to board 50 passengers is 4% higher. This is also
confirmed by the coefficient of correlation ppp 7, equal to 0.61 and the p-value equal to 0 which means there is
a significant positive correlation. Thus hypothesis 9 can be supported. This makes sense because passengers
need more time to organise themselves in the queue, especially at the beginning of the queue.

For hypotheses 10 and 11, scenario 1 and 2 are compared. Scenario 2 shows that when passengers are
boarding in smaller groups G S (five passengers instead of ten) the time to board 50 passengers T increases by
12%. The average contact time per passenger Cp,, decreases by 52%. This is also reflected by the coefficients
of correlation which are pgs T, = —0.8 (p-value of 0) and pgs,c,,, = 0.9 (p-value of 0). Therefore hypothesis
10 and 11 can be supported. We can conclude that splitting a boarding group in two does not imply that
the total boarding time doubles. This finding is important for airports with limited space at gates for queueing.

Since some airlines ask additional questions related to COVID-19 during scanning of the boarding pass,
passengers need to wait longer at the gate counter. Therefore, an increase of 10 seconds in boarding pass check
time t;. was implemented in scenario 4. To check hypothesis 12, scenario 3 and scenario 4 can be compared.
Scenario 4 in Table 3 shows that an in increase in boarding check time ;. increases the average time a passenger
is in contact Cpa, with 4 seconds. The coefficient of correlation py,. c,,, = 0.6 with a p-value of 0. Therefore,
hypothesis 12 can be supported. Moreover, it can also be seen from Table 3 that the total boarding time
Tp significantly increases. Thus, the waiting time at the gate counter should be minimised as much as possible
because it significantly influences the total boarding time and the average contact time per passenger. We can
recommend that administrative questions should be asked in advance, for example, during online check-in.

Table 3: Results of case study 3: boarding. GS means boarding group size, PD means physical distancing and
tpe means boarding pass check time. Note that percentages are given w.r.t. the baseline scenario 1. For every
scenario 450 simulations were performed.

Boarding Input to Model Ty Craz
scenario | GS PD | t. 1 o2 m o?
[sec] | [min:sec] [sec?] [min:sec] [sec?]
1 10 pax | No | 10 10:45 10.9984 | 01:04 1.1028
2 5 pax No | 10 12:03 12% 21.5824 | 00:31 -52% 1.2914
3 5 pax Yes | 10 12:28 16% 24.4984 | 00:08 -88% 5.6517
4 5 pax Yes | 20 20:49 94% 25.3051 | 00:12 -81% 18.645
5 1pax | Yes | 20 34:25 220% | 37.7517 | 00:00 -100% | 0
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8 Discussion

The proposed agent-based model simulates the main airport handling processes of passengers at an airport under
COVID-19 circumstances. The purpose of the model is to understand the impact of the COVID-19 measures
on airport operations’ performance and the associated health for passengers. The model is an extension of the
baseline AATOM model and includes a redefined passenger dynamics model based on the social force model
of Helbing to simulate physical distancing. The agent-based model also consists of a new model environment
(check-in, security and boarding infrastructure) to represent realistically an airport under COVID-19 conditions.
The metrics to assess the health safety of the passengers are based on existing studies regarding COVID-19
transmission. Because of the COVID-19 pandemic, passenger safety has become an essential item/topic on
airport operators’ agenda. With the possibility of new pandemics arising, this study is not only relevant for
today but also for the future. This study can help airport operators in their decision-making and make airports
more resilient for future crises.

The results from the three case studies are airport specific because the parameters used were specific to a
particular regional airport. Data was taken from [Janssen et al., 2019] [Janssen et al., 2020] to calibrate the
parameters for the case studies done with the model. As every airport has different distributions of passenger
types and different infrastructure and personal, the used parameters can thus not per se be copied to represent
other airports. Also, since there is not much work done in the field of agent-based models used for both the
analysis of the airport operations performance and for the associated passenger health safety. It is difficult to
compare the results with other studies. However, as explained in related work, there exist studies regarding
these two fields considered separately. The obtained results for the throughput metric of the baseline scenario
for the check-in case study and the security case study are in line with the results presented in the [Janssen
et al., 2019] [Janssen et al., 2020].

Regarding the results of the average contact time per passenger metric, there exists no research study to the
best of the author’s knowledge that uses this metric to assess passengers’ health safety. However, there exist
other papers with which the results can be qualitatively compared. Desart and Kohse also identified that the
divest and collect area at the security lanes are critical [Desart and Kohse, 2020]. They found similar to this
research study that security lanes can have no more than two divest and collect positions because otherwise,
passenger health safety cannot be guaranteed. They also recommended reducing the amount of drop off and
collect position to only two per lane. This paper also identified that the COVID-19 measures significantly
impact the boarding procedure and specifically the total required boarding time. They also recognised that
capacity at the gates for many airports is critical. It frequently does not facilitate enough space for passengers
to sit and line up for boarding safely.

Although this study has proven to be useful in analysing the impact of the COVID-19 measures, this study also
made some assumptions. The contact time metric used in this research study takes into account distance (a
contact happens when passengers are closer than 1.5 meter from each other) and time (the time of a contact).
However, the model does not distinguish between contacts that happen at 1 meter and contacts that happen at
1.4 meters. Both situations will result in the same output. However, in reality a closer contact would result in a
higher risk of transmission. Additionally, the model does not take the vulnerability of passengers into account,
e.g., older people

The model assumed that only 95% of the passengers are willing to perform physical distancing. In reality,
the actual percentage of people adhering to rules varies and depends on many factors. For example, in some
countries people adhere to rules better than people in other countries. The percentage can, however, easily be
changed in the model.

The model assumes that every passenger is travelling alone. In reality, people can also travel in a group,
for instance, a travelling family. The influence of travelling groups on health safety is thus not taken into
account by the model. A travelling group can also imply an additional requirement for the boarding procedure.
For example, when parents need to stay with their children, they need to be in the same boarding group.
The model assigns passengers to a boarding group purely based on the aircraft’s seat and does not consider
additional requirements, such as a travelling family. Moreover, the model assumes that passengers are reacting
immediately when they are called to board. However, in reality passengers sometimes do not pay attention or
do not correctly understand the announcement.

Lastly, the model only considers check-in desks staffed with operators. However, in reality many airports
have self-check-in desks as these can spread over the passenger demand and decrease costs. This research study
does not consider how self-check-in desks can contribute to safer operations for passengers.
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9 Conclusions and future work

This study aimed to analyse the impact of COVID-19 restrictions on airport operations’ performance and the
associated health safety of the passengers. An Agent-based Airport Terminal Operations Model (AATOM) was
used for this research study. AATOM covers the main handling processes of passengers and it was expanded
to include COVID-19 restrictions and to include passenger health safety analysers. To include the COVID-19
measures, the environment and the agents of the model were redefined. The agent-based model was used to
explore three different case studies to analyse the impact of these measures on the check-in, the security and the
boarding process, respectively. The measures’ effects were all tested in different scenarios for each case study
by analysing the maximum throughput and the average contact time per passenger for check-in and security.
For the boarding case study, the time to board 50 passengers was analysed and the associated average contact
time per passenger.

The results show that physical distancing during queueing does not affect the throughput of the check-in
and the security process. Physical distancing does lead to passengers being less in contact with each other, and
it also decreases the capacity of queues. Therefore, airport operators should expand their queueing area where
possible because a shortage of queueing space could lead to overspilling queues with passengers being too close
as a consequence.

The implementation of single queues instead of one common queue had a positive impact on the throughput
of the check-in and the passengers’ health safety. The flow towards desks is more efficient (with less interfering
flows of passengers), and it is easier for physical distancing in single queues because no turning is required.

Furthermore, it was shown that in a pre-COVID-19 security lane set-up many passengers are too close at the
luggage divest and collect area. The case study results showed that a decrease from three luggage divest and
collect positions per lane to two positions of each per lane leads to a significant positive impact on passenger
health safety while the throughput is still acceptable. However, to obtain the same throughput with one drop
off and one collect position less it is advised to open an extra security lane. Implementing only one divest and
one collect position per lane is unnecessary because it does not appropriately improve passenger health safety.
Thus, two passengers per divest area and two per collect area is perfectly possible. Then, passengers can move
without being closer than 1.5 meters from each other.

The boarding case study results showed that boarding in smaller groups positively impacts the average
contact time per passenger. In contrast, it negatively affects the total boarding time. The results also showed
that physical distance has a relatively small impact on the total boarding time because the organisation of the
passengers lining up during queueing takes a bit more time.

Lastly, the results showed that extra paperwork due to COVID-19 at, e.g., the check-in desk should be
minimised whenever possible. Additional paperwork leads to a higher waiting time, and this negatively affects
the throughput. A lower throughput results in more people queuing and being exposed to each other. Therefore
airport operators should advise passengers to perform as much paperwork as possible before entering the airport.
For example, check-in and online questionnaires related to COVID-19 can be filled in online.

Future work on this topic involves improving the model further to represent reality better. Firstly, the
movement module and the queueing activity of the AATOM model can be further calibrated to represent a
more realistic walking behaviour of the passengers. Moreover, the boarding activity of the AATOM model can
be further defined.
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Introduction

1.1. Impact of COVID-19 on aviation

Since the outbreak of the COVID-19 virus governments have taken actions to mitigate the spread of the virus
and to reduce COVID-19 deaths. As such, many countries closed their borders and people needed to stay
at home. The passenger demand (in revenue passenger kilometer or RPK) of April 2020 has plunged 94.3
percent compared to April 2019. This is a rate of decline never seen in the history of IATAs traffic series, which
dates back to 1990 [36].

Avaccin is currently considered as the only solution to completely eradicate the spread of COVID-19. For-
tunately, there is a large global effort to develop vaccines and as of June 2020, at least ten vaccine candidates
have already entered clinical trials, including phase II trials [75]. However, the European Medicines Agency
(EMA) expects that it may take at least one year before a vaccine is approved and available for widespread use
in the EU [23].

Even the situation remains very critical, the spread of the COVID-19 virus in many European countries
decreased. As such lift mobility restrictions have been lifted in many countries. Also, business confidence is
improving in key markets such as China, Germany and the US, according to Alexandre de Junac, IATA’s Direc-
tor General and CEO [36]. However, passenger demand at airports is still low compared to before COVID-19.
Rotterdam The Hague Airport (RTHA) handled in June 2020 only 9.545 passengers, compared to the 244.450
passengers in June 2019 [58] [59]. Roland Berger, a global consultancy firm, predicts that it will take at least
three to four years for the demand to recover back to the 2019 values. This prediction is in line other literature
found. [48]

Thus airports are very slowly starting up. However, it is important that operations are executed safely
and efficiently. Therefore in Europe, the European Aviation Safety Agency (EASA) has released guidelines
for airports and airlines with measures to protect public health while at the same time allowing for viable air
services to help the European economic recovery [35]. Some examples of restrictions are: Physical distancing,
entry/exit temperature screening measures, prevent queuing, the use of personal protective equipment and
many more.

These measures are actually also adopted in other public places such as restaurants, supermarkets, train
station etc. Physical distancing and face masks are becoming accepted by the majority of citizens and are
becoming part of daily life. It seems that we are entering a "new normal".

However, for airport operators it is still unknown what the impact will be on airport operations when
passenger demand is rebounding back. In this master thesis, the impact of the COVID-19 restrictions on
the terminal operations are assessed using the AATOM simulator, designed by Stef Janssen [66]. AATOM is
an agent-based model to simulate movement and operations in the airport terminal. This model will be
adjusted to incorporate the COVID-19 health measures and the output will be used to evaluate the safety of
the passengers the airport. Also, the model will be used to identify bottlenecks in the airport and can serve as
a validation of the measures for the airports.

During the literature study;, it has been found out that currently there is a lack of models to simulate the
airports under COVID-19 restrictions and to evaluate the performance in terms of safety and efficiency. This
literature study investigates the different ingredients needed in order to make a model that fills the research

gap.
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22 1. Introduction

1.2. Report Structure
The literature study starts with explaining the advised COVID-19 measures for airports in chapter 2.
Then terminal operations are more looked into in chapter 3. An analysis is made about the current practices
in an airport terminal. This is important because this gives insight about how the advised restrictions will
affect the current practices.

Secondly, the modelling methodology is explained. Agent Based Modelling (ABM) paradigm is explained
in chapter 4. This chapter includes why this paradigm is very suitable for modelling the problem. Then a
discussion of the architecture of AATOM is given in section 4.2, 4.3 and 4.4. An understanding of the AATOM
architecture is needed to further adjust the model when the thesis is in a further stage. Pedestrian dynamics is
discussed in chapter 5. In order to understand the necessary adjustments to implement physical distancing,
first different pedestrian dynamics models are explained and compared in section 5.3. Then the necessary
modifications of the Helbing model are given in section 5.5. Also decision-making is discussed in chapter 6.
As the airport terminal is a highly complex environment, it is important to understand how humans make
decisions. Also, decision-making is used in anticipation mechanisms to optimise resource allocation. Then
after implementing physical distancing and decision-making, the results of the modified AATOM model will
be used to do a model output analysis. This is discussed in chapter 7. The analysis will focus on the safety
of the passengers and a model to analyse safety is proposed. To optimise safety and efficiency at the airport
relevant resources, such e.g. opening a check-in desk, will be to be allocated in an optimal way. Theory is
discussed in section 7.6.

The conclusion is given in chapter 8 and lastly, the research proposal and the project plan are given in
chapter 9.



COVID-19 Restrictions

Fortunately, the aviation is slowly starting back up as countries are easing the travel restrictions and opening
their borders. In order to restart aviation in an safe and efficient way, the European Aviation Safety Agency
(EASA) has published guidelines for airports and airlines to restart their operations. In this chapter these
guidelines are summarised and discussed. Also, the potential impact on the performance of the airport is
analysed.

In EASA, IATA’s and ACI’s latest pressreleases [22] [1] [34] they listed several practices to which airports
and airlines should adhere to. These measures are aimed to minimize the risk of transmission. The most
relevant ones for the airport operations are listed below. Note, that as the current situation is very dynamic
situation it is likely that advised measures will be adjusted. EASA states that "the recommended measures
will be regularly evaluated and updated in line with changes in scientific knowledge of risk transmission as
well as with development of other diagnostic or preventive measures (including technical) and evolution of
the pandemic" [22]. Therefore a thorough follow up on these measures is of utmost importance.

This is a summary of the measures that are advised by European Union Aviation Safety Agency (EASA). As
it seems that the published reports of IATA and ACI are based on this.

1. Implementing physical distancing (1.5 meters between individuals) (page 5 of [22]). Individuals travel-
ling together as part of the same household are not required to maintain physical distance (page 3 of
[22]).

2. Airport operators in cooperation with airline operators and other stakeholders where applicable, are
encouraged to take appropriate measures to prevent queuing in high passenger concentration areas as
much as practicable, in order to reduce the risk of contamination posed by unnecessary human inter-
action. In such queues floor markings 1.5 metres apart can assist passengers in maintaining physical
distancing. (page 5 of [22]).

3. Access to airport terminals should be limited to passengers, crew members and staff. Accompanying
persons should only be provided access in special circumstances, e.g. persons with reduced mobility
(page 5 of [22]).

4. Contact and touching of surfaces should be minimised. The use electronic alternative processes is
proposed (e.g. mobile check in, non-contact boarding) (page 5 of [22]).

5. Although, airport thermal screening equipment has proven to be inefficient in detecting individuals
with COVID-19 [54] [22] (Annex 1). Still this technology is advised by EASA as it may help dissuade ill
persons from travelling and enhance public confidence [22] (Annex 1). As such EASA advises to locate
the equipment before check-in (ideally before the entrance of the terminal) for departing passengers
and before baggage reclaim for arriving passengers.

6. EASA also advises passengers, staff and other stakeholder to use personal protective equipment (PPE).
Passengers are advised to bring a mask from home and if that is not possible they should be able to buy
or get one at the airport. Therefore airport operators are advised to install e.g. vending machines or
other distribution channels [22].
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24 2. COVID-19 Restrictions

7. EASA strongly recommends airport operators to enhance their cleaning activities and to provide disin-
fection for passengers, staff and other stakeholders. [22]

8. If passenger traffic permits, no adjacent security lines can be operated at the same time such that 1.5
meter physical distance between passengers is maintained [2].

Of all these recommendations, I personally think that the physical distancing will have the biggest impact
on the performance of the airport. Because physical distancing will induce longer waiting times and the pas-
senger throughput of the airport will decrease [11]. Generally, bottlenecks are usually the security checking
areas and the check-in desks. Imposing physical distancing, will make it even more challenging. On the other
hand, it is believed that the use of personal protective equipment, such as face masks, will have a negligible
influence on the passenger throughput of the airport.



Airport Characteristics

This chapter discusses the airport characteristics. The passenger flow at airports is treated by explaining the
process for departing passengers, then for arriving passengers and lastly for transferring passengers.

3.1. Overview of Passenger Flows at an Airport Terminal

Passenger flow can generally be categorised into three types: departing passengers, arriving passengers and
transferring passengers. And each category of passengers use the airport in a specific way. For example,
departing passengers do not make use of the luggage claim area while the arriving passengers do use the
check-in desks. Below a picture of the ground plan of a regional airport can be found.

Figure 3.1: Ground plan of the Rotterdam The Hague Airport

The figure above shows the ground plan of Rotterdam The Hague Airport (RTHA). This is a regional airport
as it mainly serves domestic and small continental traffic. It serves as a feeder for hubs for charter and origin
and destination (O&D) airlines. In 2019, it handled 2.1 million passengers in total. However, due to the
covid-19 outbreak RTHA handled only 453 passengers in April, 1113 passengers in May and 9945 in June [4].
Numbers are thus slowly increasing back. The airport terminal can be divided into three parts: the transit
hall, the departure hall and the arrival hall.

The transit hall is the area where departing passengers enter the airport and arrived passengers leave the
airport. In this area the departing passengers can check in at the check-in desks or make use of other facilities
such as shopping or restaurants.

The transit hall and the departure hall are connected by the security check area. In this area, passengers
are checked for illegal items such as e.g. weapons, flammable fluids or other dangerous goods. This is in
order to prevent any threats and dangerous situations happening at the airport or aircraft and illegal goods
entering a country. The screening of passengers and their luggage is done by both detection machines (e.g.

25
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X-ray machines) and manual checks by security agents. After the security check, departing passengers can
directly go to their gate or can first go shopping or eat a restaurant. Also, passengers with a Non-Schengen
destination need to go through an additional security check - immigration or passport control. So, generally
European airport departure halls can be divided into a Schengen and a Non-Schengen area. At the gate, there
are usually seats where passengers can wait before boarding.

The arrival hall is solely used by arriving passengers (and connecting passengers). For arrived passengers
from a Non-Schengen area they first need to go through immigration. Then the passengers are able to collect
their baggage in the baggage reclaim area. Hereafter, normally Non-Schengen passengers also need to go
through customs, where their baggage is inspected. Lastly, passengers can go to the transit hall and exit the
airport.

3.1.1. Departing Passengers

Airports usually advice departing passengers to arrive at the airport 2 hours prior their flight-time for flights
within the Schengen zone and 3 hours for long-haul flights [12]. Then, usually the process is as follows:
check-in, security control, boarder control (for Non-Schengen) and boarding [47]. This is depicted in the
figure below:

Passenger arrival
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Check-in I Baggage sorting

Passenger

Security Control
Transfer Passenger Transfer Baggage

Passenger security Control security Control

Flightinformation

Baggage for the flight

Boarder Control

Transfer Baggage

Passenger
Baggage loading
Passenger

> Boarding the aircraft
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is load:
are on board Baggageisloaded

Aircraftis ready to
depart

Figure 3.2: Process at terminal for departing passengers, from [47].

In the figure above, the flow of the baggage is depicted in red. Passengers can hand-over their baggage at
the check-in and from there on the baggage is sorted, checked and loaded in the aircraft baggage compart-
ment.

Note, that now due to COVID-19 many airports implemented an extra procedure: a temperature check
before entering the airport terminal. Anyone whose temperature exceeds 38iC is screened a second time.
If during this second screening the body temperature is again found to be higher than 38fC the passenger
is directed to medical staff. The medical staff assesses this passenger further on COVID-19 symptoms. The
medical staff may then refuse this passenger to enter the airport terminal if necessary. [12].

For the check-in some airports also provide self-check-in desks, where passengers can check-in without
the help of check-in operators. As a result, decreasing the pay-roll costs of the airlines and decreasing the
check-in time. Also now with the COVID-19 situation, the European Union Aviation Safety Agency (EASA)
advises the use of self-check-in desks to decrease the risk of COVID-19 transmission.[22]

Also many airports already implemented systems for passenger guidance, such as queue counting indi-
cators. With this system, passengers are able to see how many passengers are currently waiting in the queue
and this thus helps the passengers in choosing which queue to join. This is also done in order to spread
passengers more evenly out and increase the passenger throughput.[47]

Moreover, business passengers usually are more familiar with the airport procedures. They know better
which items are prohibited to bring with them and now better how the security checks work, e.g. they know
they need to take out their metal keys out of their pockets etc. Therefore, they usually pass the security check
faster than leisure passengers [62]. Therefore, many airports provide priority lanes for business travellers.

It is believed that in high peak hours, the security control and boarder control have the longest waiting
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time and are the bottlenecks [47]. Therefore, it is important to monitor these areas closely such that they do
not become hot-spots for COVID-19 transmissions.

3.1.2. Arriving Passengers
When an aircraft arrives at the gate, the passengers are disembarked and are guided to the arrival hall. Now
due to COVID-19 situation before entering the terminal hall, the passengers need to pass a temperature check
(the same as for departing passengers).

After the temperature check, if the passenger is arriving from a Non-Schengen zone then the passenger
first needs pass immigration before collecting baggage at the baggage reclaim area.

After collecting the luggage, the passenger can exit the terminal. The procedures and the flow of the
baggage (in red) are presented in the figure below:
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Figure 3.3: Process at terminal for arriving passengers, from [47].

3.1.3. Transferring Passengers

For passengers that need to transfer to another aircraft the procedure at the airport is a bit more complicated.
The procedure is different depending on if baggage self-delivery is provided by the airport and the airline. If
baggage self-delivery is provided then the baggage of the transferring passengers is forwarded to their final
destination without passengers needing to reclaim and check-in again their baggage. Hereafter, they need
to pass security control again to enter the departure hall. Then, they can directly go to their gate or make
use of the facilities such as shops, restaurants or other services before boarding the aircraft. The process is
presented in Figure 3.4,
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Agent Based Modelling and AATOM

This chapter addresses the modelling methodology, which is agent-based modelling. Firstly, the modelling
paradigm: Agent Based Modelling is explained in section 4.1. Secondly, the existing AATOM model is ex-
plained section 4.2, 4.3 and 4.4.

The scope of the research is to make a model that is both able to asses airports their efficiency and safety
performance for the passengers. As explained earlier in the report, the airport is complex socio-technical
system. The passengers need to follow a sequence of procedures in the airport. Considering also that pas-
senger characteristics vary and influence their behaviour makes the system even more complicated. Also, the
COVID-19 situation is dynamic as restrictions are modified regularly we need a model that is able to capture
this highly complex system and is able to adapt to varying conditions.

The agent-based AATOM model developed by the PhD student S.A.M Janssen seems to satisfy these re-
quirements.

4.1. Introduction to Agent Based Modelling

Agent based modelling is a good method to model and study complex socio-economic systems, such as
airport operations [29]. It uses as bottom-up modelling approach. The passengers and airport staff are
programmed as autonomous intelligent entities, called agents. These agents are modelled with a certain
behaviour approximating humans and placed in a partially observable environment (the airport). The be-
haviours and interactions of the agents may be formalised by equations, but also more generally by (deci-
sion) rules (e.g. if-then kind of rules). As a result the modelling approach is very flexible [29]. In this way it
allows to produce characteristics of the system emergence without having to make assumptions in advance
regarding the system as a whole [29]. The simulation fills the gap between the individual behaviour of the
passengers and the collective outcome on the airport operations performance. Also, the behavioural rules of
agents can be varied ("heterogeneity") or random influences can be incorporated ("stochasticity"). Agents
characteristics can be varied. For example: gender, age, business vs leisure and the walking speed (findings
from chapter 3 can be integrated). Also agent-based simulation is ideal to study interdependencies between
agent types and model emergences [29], for example which passenger type has a higher risk of COVID-19
infection. Agent based models are also very suited to study the resilience of the system [29], e.g. what the
effect is of a sudden disruption in the flight schedule on the airport operations.

Finally, agent-based simulations are suited for detailed hypothesis-testing, more in particular to study the
consequences of ex-ante hypotheses such as the interactions of agents and the emergence of the system as a
whole [29]. It can be considered as a sort of magnifying glass to understand the reality better [29].

In the next section AATOM is discussed.

4.2, Introduction to AATOM

AATOM, the Agent-based Airport Terminal Operations Model simulator is designed by PhD student S.A.M
Janssen. It is agent-based and contains calibrated templates of basic airport terminal configurations that can
be easily adjusted and used for analysis of airport operations [39]. The model simulates the main handling
processes for departing passengers in the airport terminal, this includes check-in, security checkpoint and
border control. The model also includes facilities such as, bathrooms, restaurants and shops. The usefulness
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of the AATOM simulator has already be proven by several case studies, e.g. airport security [41], gate as-
signment [65] and resilience [10]. Agents in this simulator follow the AATOM architecture, an activity-based
architecture for human airport agents [39]. The framework is explained in the next section.

4.3. AATOM Architecture

The AATOM simulator consists out of three layers, as depicted in Figure 4.1.

The top layer is called the "strategic layer". This layer is responsible for the strategy of the agent. This
includes determination of goals, updating and maintaining a belief and reasoning [66]. Management of the
agent’s goals is done by the goal module. The agent’s goal can be in three states: "not completed", "failed" and
"succeeded". They all start as "non completed" and if they are met the goal state is updated to "succeeded"
and if it cannot be met (before a certain time point or before another activity) then it is updated to "failed"
[66]. The reasoning module includes three other modules which are the planning module, the analysis mod-
ule and the decision making module. The analysis of the agent’s current state is done in the analysis module.
Using the planning module, agents can generate their plans based on their goals. These goal are translated
in an ordered sequence of activities in order to maximise the completion of as many goals possible [66]. De-
cision making is done in the decision making module. An example can be the determination of which queue
area to choose if there are multiple. [66]

Strategic Layer

Reasoning Module

Analysis
Decision
Flanni
Making

Activity Module

Activity 1

'
nterpretation
Module

!

!

Navigation \
Module \
!

i

1

i

i

!

i

Operational Layer

Observations Perception Actuation Actions
Module Module

Figure 4.1: The AATOM architecture, from [66].

The middle layer is called the "tactical layer". The tactical layer is connecting the strategic layer and the
operational layer. It is responsible for interpreting the perceived information from perception module and
feeding this into the belief module of the strategic layer. Using the belief module, the agents are able to
update and maintain their belief (e.g. characteristics, interpretation, activity and action state, plans) [66].
The activity and action state is updated when the status of the activity and actions has changed. Also, the
belief module of the strategic layer automatically updates when a change is made. The activity module and
the navigation module are able to access the information in the belief module in order to work accordingly
[66]. The navigation module is used to navigate and to determine a collision free path to the agent’s goal
using path finding algorithms (e.g. A* [72] and Jump Point Search [28]). The determined path is a sequence
of reference points and it is saved into the "path" variable [66]. In the activity module a sequence of planned
activities is generated. This sequence of planned activities, together with the navigation module, is fed as a
command into the actuation module. [66]

The bottom layer is called the "operational layer". It is responsible for the lower interaction with the
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Figure 4.3: A visualisation of the AATOM environment with indicators showing the different areas [39]. Representation of Rotterdam the
Hague Airport (RTHA).

environment and the agents [66]. Using the perception module, the agents receive the input from the envi-
ronment and from other sensory information. There are three types of agents in AATOM: passenger agents,
operator agents and orchestration agents. The perceived information is specific to the three agent types. Us-
ing the actuation module, the agents can perform the actions that were generated in the tactical layer [66].
An example of an action is communicating with other agents etc. [66] Also the walking behaviour of passen-
ger agents is modelled in the actuation module. The walking mechanism is based on the Social Force Model
developed by Helbing et al. This is further explained in section 5.4.

In summary, the sequence of operations is performed in the AATOM architecture: observation - percep-
tion - interpretation reasoning - activity control - actuation - action [66].

4.4, AATOM Model Specification

The AATOM model can be explained by dividing it into three parts. Firstly, the specification of the environ-
ment is addressed in subsection 4.4.1. Then, the specification of the agents is addressed in subsection 4.4.2.
Lastly the specification of the interactions (between agents and between agents and the environment) is ad-
dressed in subsection 4.4.3.

4.4.1. Specification of the Environment

AATOM contains different templates to simulate the operations at airport terminals, examples are Rotter-
dam The Hague Airport (RTHA) or Eindhoven Airport. AATOM is designed such that the model can be easily
modified to also simulate any other airport. To describe the environment of AATOM it can be divided into

three: "physical objects", "flights" and "areas". The hierarchy of the environment is shown in Figure 4.2. The
differences are explained in the following sections.

Env. Object

X

Physical Object  Flight Area

Figure 4.2: The division of the different objects in the environment.

The environment is actually made out of areas which are accessible to the passenger and operational
agents. These areas are a two dimensional polygon that are bounded by e.g. walls. There are different types
of areas. These can be seen in Figure 4.3. In this figure A, B and C are facility areas. D is the check-in area and
E are queuing areas. F is the checkpoint area, G is the gate area and H is the entrance area [39].

Physical objects and flights are also part of the environment. Examples of physical objects include: lug-
gage, seats, a queue separator, a belt, a desk or a sensor like a Walk Through Metal Detector sensor (WTMD
sensor). [66]

Each passenger agent is related to a specific flight. The flight defines to which check-in desk and to which
gate the agent has to go at a certain time point. Passengers are generated as input for the system and they
disappear with their departing flight after going through the required terminal processes. [66]
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4.4.2. Specification of the Agents
This section addresses the specification of the agents. AATOM considers three agent types: "passenger agents",
"operator agents" and "orchestration agents". This section explains the differences between them.

Passenger agents are generated as input for the system. Their end-goal is to catch their flight. They move
using the movement module, which is based on the Social Force Model of Helbing explained in section 5.4.
Before boarding, the passenger agents are able to visit shops, restaurants or toilets. They disappear with their
departing flight after going through the required terminal processes.

The operator agents have a job to do. Two types of operator agents are defined in AATOM: security agents
and check-in agents. Security agents are standing at the security check points and need to perform a certain
task e.g. monitoring x-ray, check travel document, physical check. Check-in agents are located behind the
check-in desk. They need to check-in the passenger agents.

The passenger agents and the operator agents are both human agents. They are represented in AATOM
by a circle of certain radius r.

The orchestration agents are left general on purpose and can be adapted to different case studies. They
can be implemented such that they are able to monitor the overall performance of the airport and to co-
ordinate the operations. An example, is the MSc Thesis of Anne-Nynke Blok [9], where she implemented
orchestration agents that were able to make changes in the environment (opening or closing security lanes)
to improve the operations. For this research orchestration agents can be used for example in order to optimise
safety of the passenger agents, as explained in section 7.6.

4.4.3. Specification of the Interactions
There are different sort of interactions possible in AATOM. Firstly, check-in operators are able to interact with
the environment, especially the flights. For example, they can update the state of a certain flight that everyone
has checked-in [66].

Secondly, operators can interact with each other. For example, operator responsible for X-Ray scanning
and the operator responsible for luggage checking can communicate with each other.

Thirdly, operators and passenger agents can interact with each other. For example, a check-in agents can
order a passenger to wait for a specific time at the check-in desk.

Lastly, a orchestration agent can be implemented for coordination of terminal operations, such as opti-
mising physical distance between agents. In order to allow for coordination, the orchestration agent can be
designed to interact with operators, passengers and the environment. [66]



Pedestrian Dynamics

The movement of the passengers in the AATOM simulator is modelled using the Social Force Model of Helbing
[30]. As explained earlier in chapter 2, safety agencies such as EASA require airport operators to take COVID-
19 measures to facilitate a safe and efficient journey for the passengers. The key measure is social distancing.
Social distancing, also called physical distancing means maintaining a minimum distance of 1.5 meters be-
tween yourself and other people who are not from your household. This should be performed where ever is
possible at the airport [22].

In order to implement this measure in AATOM it is important to understand how movement of passen-
gers is modelled. In this chapter, the Social Force Model [30] is looked further into and how it can be adapted
such that social distancing is simulated. The outlook of this chapter is the following. First microscopic and
macroscopic models and the limitations of macroscopic models are explained in section 5.1. Then, differ-
ent microscopic models are explained. These models are generically compared to the Social Force Model in
section 5.3. Hereafter, an detailed analysis is given of the Social Force Model [30] and the necessary modifica-
tions of the Social Force Model are analysed and how these could work in order to facilitate social distancing
in section 5.4 and 5.5.

5.1. Explanation on Macroscopic and Microscopic Models

Pedestrian simulation models are used in many fields these days to simulate crowded places. Examples are:
football stadiums, train stations, airport terminals. There is wide variety in different pedestrian models. Each
model has its advantages and disadvantages. The choice of the modelling method depends on the intended
application. Generally pedestrian models can subdivided into two categories: macroscopic models and mi-
croscopic models. In the following section the differences between these two are explained.

5.1.1. Difference between Macroscopic and Microscopic Models
Macroscopic models model pedestrian flow as a whole without considering the behaviour of the individual
pedestrians. Microscopic models on the other hand, model pedestrians in great detail. It distinguishes the
behaviour of the individuals and their interactions. [64]

Microscopic models are slow and computational demanding but they are highly precise. Contrary, macro-
scopic models are very fast but not good in representing the behaviour of the agents. They can be used in
applications, where the human interaction is not important. [64]

5.1.2. Limitation of Macroscopic Models

Although macroscopic models are applicable to evaluate the macro outcomes of the pedestrian flow while
being computational efficient. The biggest disadvantage is the incapability of analysing how pedestrians
react in crowd due to the lack of individual behaviour consideration [47]. Also the incapability of analysing
how the pedestrians react with changes in the environment [47]. However, this feature is very much needed
in the AATOM simulator. Therefore, an exclusion of the use of a macroscopic model has been made. In the
next section, different microscopic models are discussed.
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5.2. Microscopic Models

In this section five different microscopic models are discussed. The section starts with explaining the Benefit-
cost Cellular model.

5.2.1. Benefit-cost Cellular Model

The Benefit Cost Cellular Model is one of the earliest approaches for modelling pedestrian movement. It was
first proposed by Gipps and Marksjo in 1985 [27]. It simulates pedestrians as particles that occupy a cell. The
program proposed by Gipps and Marksjo used interactive colour graphics to display the model. But, many
researches state that this model is computational inefficient and therefore the applicability for modelling
passengers in a terminal environment is limited. [47]

The model works as follows. Every cell can be occupied by maximum one pedestrian. Cells surrounding a
pedestrian (including the cells that is occupied with a pedestrian) are assigned with a score. This score is used
to represent the progress of the pedestrian towards the destination. The repulsive effect between pedestrian
is calculated by the following formula [70]:
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where S; is the vector location of target cell. X; is the vector location of the pedestrian. D; is the vector
location of the destination. A is the distance between cell and the pedestrian. K, ¢ and § are constants.

When a cell is neighbouring two pedestrians, the score of the cell is the sum of the score generated by the
2 pedestrians. The pedestrians move towards the next cell that has the maximum net benefit.

The downside of the model is that the constants K,a and f are chosen rather arbitrary and do not have
a physical meaning. Thus, in order to model realistic interactions and characteristics of pedestrians, these
parameters need to calibrated rather arbitrary. However, many researchers state that it is difficult and some-
times impossible to obtain identical interactions and characteristics when different environments are mod-
elled. Also, the link between the action of the pedestrians and the environment is sophisticated and hard to
explain [70].

5.2.2. Magnetic Force Model

Prof. Okazaki and Matsushita developed the magnetic force model [50]. This model is based on the mag-
netic field theory to simulate pedestrian movement. In the model pedestrians and obstacles are modelled
as positive poles such that they are repelled from each other. The goal of the pedestrians is modelled as the
negative goal such that the pedestrian is attracted to the goal. There are two magnetic forces that act on the
pedestrians. The first one F is the one formulated by Coulombs law, where the magnetic force depends on
the distance between the pedestrians, from [50]

- kqiqj
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where Fj; is the magnetic force between pedestrian i and an other pedestrian j or an object j. kis a
constant (in the original law this was the Coulomb’s constant). g; is the intensity of the magnetic load of a
pedestrian i and q; is the intensity of the magnetic load of an other pedestrian j or an object j. 7;; is the
vector between pedestrian i and an other pedestrian j or object j and |7;;| is the distance in between. The
parameters k, g; and g; can be trimmed such that the desired emergent behaviour is obtained. Generally the
intensity of the negative pole (the goal) is set much larger in value than the positive poles (objects or other
pedestrians that need to be avoided) because the pedestrian’s priority is to reach their goal. [70]

The other force acts such that a pedestrian avoids collision with other pedestrians or obstacles and exerts
an acceleration that is calculated by, from [50]:

da; = ‘Zcos(a)tan(ﬁ) (5.3)

where d; is the acceleration that acts on pedestrian i to modify its direction RV ; to AC (see figure below).
Line AC is the line of contact going from pedestrian i to the intersection with the circle around pedestrian j.
The choice of the value of the radius is up to the user.
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Figure 5.1: Additional Repulsive Force on Magnetic Force Model, from [70].

The repulsion and attraction forces are superimposed such that the pedestrian attempts to arrive at their
goal.
Below a demonstration is given of the superposition of these forces.
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Figure 5.2: The magnetic forces presented

Although the model involves certain physical meanings of real pedestrian movement, it still deviates from
the true sense to some extent. Also the load of the forces have an effect on both the distance between the
pedestrians and the velocity of the pedestrians. These cannot be controlled separately which is a disadvan-
tage. [47]

5.2.3. Cellular Automata Model

The Cellular Automata Model builds a bit further on the Benefit-Cost Model. It was first proposed in 1998 by
Victor Blue. Also, like the Benefit-Cost Model the Cellular Automata Model is discrete. This means that the
simulated environment is discretised in a grid cell structure. Each agent is placed on one cell. They decide
about their their direction of movement based on the status of the neighbouring cells and they decide on
their target cell depending on their interpretation about their surrounding. The movement of all the pedes-
trians is updated when all the conflicts of the system are solved. In the original model (Victor Blue 1988), the
movement of all pedestrians are updated in parallel and the differences in velocity are visible by the decision
to move during a time step [21].

There exist many modifications of the cellular automate model, such as for example the on of Michael
Schultz proposed in [61]. In which he proposed this model to simulate the pedestrian dynamics during emer-
gency situation in airport terminals. This model also contains the social-force-based repulsion and friction
forces.

The methodology of the model looks as follows. The terminal environment is discretised in square cells.
Each cell has two states, namely occupied or free. This can be seen in the left part of Figure 5.3.
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Figure 5.3: (a) shows the grid stucture with the black dot representing a passenger and the arrows indicate the possible direction. (b)
shows the preference matrix, from [61].

The passenger can move to their neighbouring cell depending on its state and on the transition probability
which is stored in a preference matrix M, , which is shown in the right part (b) of Figure 5.3. Details regarding
the calculation of the preference matrix is presented in [61].

5.2.4. Social Force Model

The Social Force Model is developed by Helbing, Molnar and Viscek in 1991 [30] and it has aspects which are
similar as those of the Magnetic Force Model.

The movement of a pedestrian is simulated by a superposition of different forces. Firstly there is the
attraction force, which acts as the force that drives the pedestrian to its goal. Then there is the social repulsion
force, by which agents are repelled from each other such that they keep distance and don’t enter into the
social space of an other pedestrian. Than lastly, there are contact forces and friction forces which simulate
the behaviour when pedestrians touch each other. These forces are summed together in the right side of the
following equation:
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The first term d7U;/dt represents the motivation of pedestrian i to reach its goal at a certain target time
with a desired speed. More details about the formulas are explained in section 5.4.

This model is the most popular microscopic pedestrian model and has been implemented in many spe-
cific pedestrian simulations [47]. Also, the parameters in the equations have a physical meaning and they do
not need to be calibrate for every new environment which is an advantage [47]. Disadvantages are that the
model lacks the ability to include for emotions and it can produce unrealistic backward motions of agents
when they get repulsed by the preceding ones [47].

5.2.5. Queuing Network Model

The Queuing Network Model is a network model proposed by Lovas in 1994 [45]. There exist extended ver-
sions of the Queuing Network Model, an example is SimPed proposed by Daamen in 2002 [19]. This section
focuses on the the queuing network of Lovas [45] as the characteristics are similar to the other modified mod-
els.

This model discretizes the environment into links and nodes. The rooms in the environment are modelled
as nodes and the area connecting adjacent rooms are connected by links. The movement of the pedestrians
is stochastic because it uses Monte Carlo simulation. Therefore a number of simulations need to be made to
be statistically significant and represent the motion of a crowd.
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Figure 5.4: A representation of the modelled environment. Each room is represented as a node and are connected by links. From [45]

Each pedestrian departs from a starting node, in our case this would be the entrance of the terminal,
and it queues on a link to go to another node. It has the goal to go the gate, which is the end node. When
the pedestrian arrives at a node, it makes a weighted-random choice to choose the next link. The weight is
dependent on the amount of pedestrians in the room.

One main criticism for the Queuing Network Model is that the queues are uni-dimensional and therefore
it is not so realistic because pedestrians walk bi-dimensional. Also, some researchers state that the Queuing
Network Model can not deal with high density scenarios [49]. Also, this model lacks the ability to analyse the
interactions between the different agents.

5.3. Comparison of the Microscopic Models

In order to simulate the behaviour of the passengers it was chosen to use a microscopic model because
macroscopic models are not able to present the individual behaviour of the passengers. In this section the
microscopic models are compared.

As already discussed earlier, the thesis considers to analyse the impact of the COVID-19 restrictions on
the airport performance. Therefore, the reality of the simulated passenger flow and interactions is very im-
portant. The Social Force Model is very suitable for this research as the parameters have a more concrete
physical meaning and therefore they can be easier measured [47]. The table below shows a comparison of
the five discussed models.

Benefit-Cost Model | Magnetic Force Model Cellular Automata Model | Social Force Model | Queuing Network Model
Pedestrian Movement Discreet Continuous Discreet Continuous Discrete
Movement to Goal Gain Score Positive and Negative Magnetic Forces | Min (gap, max speed) Desired Velocity ‘Weighted Random Choice
pulsive Cost Score Positive and Negative Magnetic Forces | Gap or Occupied Cell Interaction Forces | Queues
Value of the Parameters | Arbitrary Physical Meaning Arbitrary Physical Meaning Physical Meaning

Table 5.1: Comparison Microscopic Pedestrian Simulation Models, based on [70].

The main disadvantages of the Queuing Network Model are that it only considers uni-directional motion,
it lacks the ability to model interactions between the agents and it cannot deal with high density crowds [49].
This is considered to be very limiting and therefore this model was already discarded as a choice.

The Benefit-Cost Model and the Cellular Automata Model were also discarded early because of their low
capability to capture realistic pedestrian behaviour as they are discrete. Also the values of the constants of
these two models are arbitrary and this limits validation possibilities. The Cellular Automata Model is also
not able to generate the self-organisational emergences such as stop and go-waves as the Social Force Model
[21].

The Social Force Model was chosen over the magnetic force model because for the magnetic force model
the load forces effect both distance between pedestrians and their velocity and thus distance and velocity
cannot be controlled separately [47]. Therefore the Social Force Model was considered to be the model for
this thesis.
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5.4. Social Force Model Mathematical Explanation

Now the social force model has been chosen to further use in the AATOM model, a more mathematical analy-
sis can be done. In section 4.3 the AATOM architecture was explained. The different layers and modules were
explained. As you can remember, passengers (agents) make observations using the operational layer. Based
on their observations, the passengers calculate a collision free path to their activity locations in the naviga-
tion module [38]. Using the action module, the passengers follow their generated path. The movement along
the path is calculated using the Social Force model defined by Helbing [30]. In this section, the mathematics
of the model is further explained.

The model assumes that movement of the passengers is guided by a superposition of attractive and re-
pulsive forces, determining the behaviour of the individuals. The model is continuous and each passenger is
treated as an individual which means that this is a microscopic model. One could say that the system searches
for the lowest amount of energy/interaction it can achieve [21]. The formula of the force model is given in
Equation 5.5. It assumes a mixture of socio-physical and physical forces that influence the crowd movement:
each pedestrian i with mass m; (in total there are N pedestrians) wants to move in direction é‘i) with a desired
speed 17?. However pedestrians needs to constantly adapt their actual velocity 7; with time characteristic 7; in
order not to bump in to other pedestrians and to keep velocity-dependent distance to walls and other pedes-
trians. The "interaction" forces are expressed as fl j and fiw [30]. The change in velocity of each pedestrian
i, expressed as dU;/dt, is given in the following Equation 5.5, from [30]:

v, V(&) - (¢ - S
mi%ZmiM+ Z fij"'ZfiW (5.5)
! JF#D) w

The position of each pedestrian i can be calculated by integrating d U/; over time.

The social force model designed by Helbing et al. was first designed to simulate the dynamical features of
escape panic of pedestrians but it became used many other fields. In this model, each pedestrian exerts two
kind of forces, "social" and "physical", on the other pedestrians and the environment. The "social" force is
the physiological force of not colliding with other pedestrians or the environment. For example, if a pedes-
trian sees an other pedestrian closely than it is going to slow down in order to not collide. The "physical”
force refers to the fact that this force deals with the physical contact between pedestrians and with the envi-
ronment. When pedestrians are too close to each other, pedestrians are often forced to collide. As a result, the
pedestrians exert pushing and friction forces on each other. A mathematical form of the force that pedestrian
i exerts on pedestrian j is the following:

]?ij :fsocial repulsion +fpushing+ffriction (5.6
where
Frocial reputsion = Aje =4 Bi fi; (5.7)
fpushing =kg(rij—d;j) Rij (5.8)
Frriction =Kg(rij—dij)AU]t~,-?ij (5.9)

The psychological tendency of two pedestrians i and j to stay away from each other is modelled by a
"social repulsion force" expressed as Equation 5.7. Here, d;; is the absolute distance between the pedestrians
i and j (taken from their center of mass). 7;; is the normalised vector going from pedestrian j to i and is
calculated by: 7i;; = (n}j, nfj) = (F; —7j)/d;j. A; and B; are constants.

Note that if the distance between the pedestrians d; is smaller than the sum of radii of both pedestrians
rij = ri + r;j then the pedestrians are touching each other. If this is happening then g(x) in Equation 5.8
and Equation 5.9 is set equal to argument x (otherwise g(x) is zero). Then there are two additional forces
(according to Helbing inspired is by granular interactions [30]).

First, there is the "pushing force" which counteracts the body compression. The mathematical form is
presented by Equation 5.8. Here k is a constant.

Second, there is the "friction force", which is presented by Equation 5.9. In this function, i j=(= nfj, n}j).

This is the tangential direction and Avl.tj =0 -7y 7 j is the tangential velocity difference. Here x is a con-
stant.
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So in summary, we have seen the "social repulsion force" and two additional forces (in case the two pedes-
trians touch each other g(x) = x): the "pushing force" and the "friction force".
We also have the same three interaction forces between a pedestrian i and the wall .

fiW = fsocial repulsion T fpushing + ffriction (5.10)

where

fsocial repulsion = Aie(ri_diW)/Bi niw (5.11)

fpushing =kg(ri—diw) fijw (5.12)

ffricn'on =xg(ri — diw) (Vi - tiw) Tiw (5.13)

fiw = {Ajexpl(ri — diw) /Bl + kg(ri — diw ) iisw +xg(ri — diw) (0; - iw) Tow (5.14)

So, in this case d;y is the distance from pedestrian i to the wall W, 7i;yy is the direction from pedestrian i
perpendicular to the wall W and 7;yy is the direction from pedestrian i tangential to the wall W.
In the original version of AATOM [66] the constants are set to the following values:

1. Helbing constant A =250 N

2. Helbing constant B=0.1 m

3. Acceleration time constant 7 = 0.5 sec

4. Elasticity constant k = 1.2e5 kg/sec?

5. Coefficient of sliding friction x = 2.4e5

6. Average mass of passenger is m; = 80 kg. (found in modelbuilder)

7. Shoulder width of passenger is 0.5 meter. (passengers are modelled as circles with radius 0.25 meter)
8. Desired velocity v? can be more than 5 m/s and can go up to 10 m/s moving to the exit.

9. Identical parameters for all pedestrians because of not having to deal with calibration and to increase
robustness.

5.5. Modifications needed for the Helbing Movement Module

There are many papers that propose modifications to the social force model designed by Helbing et al. [30]. A
paper that proposes some useful modifications is the paper of Lakoba et al. [42]. This paper deals with some
issues of the social force model which can be related to introducing physical distancing.

Lakoba et al. [42] addresses two issues with the social force model [30].

Firstly, the social and physical repulsion forces defined in Equation 5.7 and 5.8 do not guarantee that
pedestrians do not overlap each other. By overlapping, the authors mean the following. A pedestrian can be
squeezed in unrealistically (greater than s;,4x). The pedestrians are modelled as circles with a radius r; and
the maximum allowed magnitude of squeezing is s,,,x, Which taken equal to 20 percent of the circle radius
r;. Although, the thesis actually deals with implementing physical distancing. This paper is dealing with sort
of a similar problem: imposing a maximum value on the magnitude of squeezing and hence eliminating the
pedestrians of overlapping each other. Frankly, I have been running the AATOM simulator multiple times
and I have never seen the issue of overlapping passengers. Actually, this is because the value of the elasticity
constant k in the original version of AATOM [66] and the model of Helbing et al. [30] was taken very high, k =
1.2e5 kg/sec?. This results in modelling the passenger into very rigid structures that are not squeezable at all,
therefore also overlapping is eliminated. Lakoba et al. pointed out that for such a high value of k the contact
forces are also too high, e.g. 2 passengers squeezed by 5 cm would result in a contact force of 6000N, which
is 7 times their weight (80 kg). Therefore, authors addresses the research question: can we eliminate the
possibility of pedestrian overlapping with at the same time using a more realistic value of k which thus needs
to be significantly lower [42]. Although, the overlapping is for the thesis no big concern since the passengers
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are actually need to keep 1.5 meter distance. Still this paper, provided interesting insights in how physical
distancing could be implemented in AATOM.

The paper suggests multiple ways of solving this problem. First they propose a solution which take the
form of a contact force that creates an impenetrable potential barrier between pedestrians i and j. However,
as they explain in section 2.1, using such a force would cause substantial numerical difficulties in the simula-
tions [42]. Therefore other solutions are further explored in the report.

The second issue of the social force model [30] that Lakoba et al. addressed has to do with the choice of
the numerical values. In [30] the value of A in Equation 5.7 was taken 2000 N and the value of B was taken
0.08 m. However Lakoba et al. states that this value of B, called the "fall-off length", is too small. A fall-off
length of only 8 cm meter would mean tat the social forces are close to zero when the passengers are not the
order if 8 cm apart. He proves this with with the following equation of motion 5.15 and 5.16. Assuming a 80 kg
pedestrian moving straight towards a wall with a preferred speed of 1.5 m/sec and acceleration time constant
7 equal to 0.5 sec.

d

*_ (5.15)
dt
dl) V—1g A —|x|/B
—_—=- — 5.16
dat T me (5.16)

sl X
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Figure 5.5: Results of solution of Equation 5.15 and Equation 5.16 with A=2000 N and B = 0.08 m (a) and 0.5 m (b)

As you can see in Figure 5.5, in the case (a) with the B equal to 0.08 m the deceleration peaks at -1.4 m/s?.
This seems unrealistic because this is higher than the acceleration of gravity by almost 40 percent. In case
(b) with B equal to 0.5 meter and everything else the same, the acceleration peaked at -0.3 m/s?. This seams
far more realistic. Thus for the second issue the authors addressed the following: will the model still produce
realistic simulations with the value of B taken to be 0.5 m instead of 0.08 m? [42]

When the authors changed the parameter B alone, the simulation of the crowd behaviour produced unre-
alistic elements. For example, when passengers were grouping before the exit to leave the other new-coming
passengers would turn away instead of joining the group. This can be seen in Figure 5.6. To solve this, the
authors found out two solutions. First, the model should take into account that the social force should vary
with crowd’s density. Second, the model should distinguish face-to back and face-to-face social repulsion
forces [42].



5.5. Modifications needed for the Helbing Movement Module 41

8 s

@
L 2

Figure 5.6: Snapshots crowd just before (a) and a few seconds after (b) when a new-coming group at the back turns away and leave. [42]

More information regarding the implementation of these 2 solutions is discussed in section 3.1, 3.2 and
3.3 of [42].

Regarding the relevance of the paper of Lakoba et al. [42]. I think especially the last part is quite helpful
to implement social distancing in AATOM. Although for the original version of AATOM [66] the values A and
B are calibrated differently, namely they were set to 250 N and 0.1 meter. Especially, the B is lower than
the suggested 0.5 meter by [42]. My hypothesis, regarding which method is the easiest to implement social
distancing in AATOM is to increase B from 0.1 meter to 1.5 meter. However, this will probably result in some
undesirable side effects, e.g. such as Figure 5.6. And this will require some extra additions to the model
to eliminate these side effects. Just like Lakoba et al. did in their study [42]. Increasing the fall-off length
B to 1.5 meter will probably also result in passengers not fitting anymore in queues. This was observed by
experimenting with the AATOM simulator, depicted in Figure 5.7.

1

e e e o

Figure 5.7: Snapshot of AATOM simulation of passenger behaviour at Eindhoven airport using fall-off length B = 1.5m. Note Passengers
are stuck at the beginning of the queue and one passenger is stuck at the corner.

The figure above shows a snapshot of an AATOM simulation of the passenger behaviour at Eindhoven
airport using fall-off length B = 1.5m. As one can see, using a bigger value of B the passengers are keeping 1.5
meter distance from each other. This is because of the social repulsion force which is now activated earlier,
referring to Equation 5.7.
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Figure 5.8: Plot of social repulsion force fsocial reputsion IN1 Vs distance between the passengers d; j (m]

The reason why the passengers are now stuck at the beginning of the queue is probably because the im-
plemented social force model in AATOM does not distinguish the repulsion forces between passengers only
and between passengers and objects. Probably a modification should be made in AATOM such that two fall-
off lengths are considered: one for the distance between passengers and objects and one for the distance
between passengers only.

5.6. Air Passenger Characteristics

In order to model the passenger flow at airport terminals it is important to also understand the influence of
passenger characteristics on their behaviour. These characteristics are also important to calibrate the param-
eters of the pedestrian dynamics model, which are discussed previously.

5.6.1. Passenger characteristics vs walking speed

Schutz Michael et al [62] did research in analysing behaviour of passengers (in more particular their walking
speed) in airport terminals by using an a video surveillance system. They observed a significant difference
between business and leisure related passengers. They also concluded that the influence of carry-on baggage
on the maximum speed is very small but the size of the passenger group has large impact on the walking
speed. The results were provided as statistical distributions. These statistical distributions can be used in
AATOM. Because now, the original AATOM model does not distinguish different passenger types (they are all
the same) and they travel alone. The results of [62] are further presented in the following paragraphs.

Firstly, one can relate the expected walking speed to the age structure of the passenger. Figure 5.9 shows
that the walking speed for 20 year old is the highest (1.6 m/s or 5.76 km/h) compared to passengers of other
ages. From that point, the walking speed almost linearly decreases with increasing age. Also in [62], the per-
centages of passengers per age category were given. This is very handy because together with graph presented
in Figure 5.9 it can be used in AATOM.

Secondly, the interdependencies between gender and walking speed were analysed. It was found that on
average male walk 10 percent faster than female. The average speed of a male passenger was found to be
1.4 m/s (or 5.4 km/h) (with a standard deviation of 0.22 m/s) and the average speed of a female passenger
was found to be 1.27 m/s (or 4.57 km/h) (with the same standard deviation as for male passengers) [62]. The
distribution can be found in Figure 5.10.

Thirdly, a link was made between the walking speed of passengers and their travel purpose. It was found
that business passengers walk in general 24 percent faster than leisure passengers. The average speed for
business passengers is 1.36 m/s (with a standard deviation of 0.22 m/s) and for leisure passengers is 1.0 m/s
(with a standard deviation of 0.23 m/s) [62]. This can be seen in Figure 5.11.

Lastly, the authors observed a dependency between the group size of passengers and their walking speed.
Currently, AATOM assumes that every passengers walks alone but this could be further elaborated to groups.
Therefore this observation can be useful. It was found that walking speed is 22 percent faster alone than in a
group of two passengers and 30 percent faster than a group of 3 passengers. The average speed of someone
walking alone was found to be 1.36 m/s (std of 0.23 m/s), for a group of 2 passengers it is 1.06 m/s (std of 0.21
m/s) and for a group of 3 passengers itis 0.96 m/s (std of 0.19 m/s).
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Note that these data measurements were taken in normal conditions prior to the COVID-19 situation
when physical distancing was not mandatory. Therefore, it is expected that the walking speed of passengers
are lower because passengers need to be more careful and need to take more distance with respect to others.
This research will need to find out what the impact is of physical distancing on passenger walking speed.
However, it is expected that the interdependencies which were shown above still hold.

The findings of Schultz et al. are considered to be credible because data was obtained from many dif-
ferent airports such that the data is statistically significant. Airports include Frank-furt, Berlin-Tegel, Berlin-
Schoénefeld, Hamburg, Munich, Hannover, Dresden, statistical data from German Airports Association and
airline data from SWISS [62].

The findings of the authors are considered also to be very useful for the thesis because they can used for
implementing different passenger types in AATOM. In the output analysis, these different passenger types

can then be used to observe which type of passenger is more vulnerable to a COVID-19 infection due to his
or her behaviour.






Cognitive Decision-Making

Itis commonly acknowledged that cognitive and affective aspects have an important role in human decision-
making [63]. In a recent study of K. O’Connell et al. [53] based on the data of Blagov P. [8] an analysis was
done in the relation between personality traits and their tendency to take risks, their meanness, and lack of
restraint. They found that individuals reporting high levels of antisociality engage in fewer social distancing
measures. For example these people left their homes more frequently and stand closer to others while outside
[53]. In order to account for these different personality traits of different passengers and the impact on their
behaviour it is important to consider these cognitive aspects in the literature study. This chapter discusses
the neurological principles and theories and provides a deeper understanding of decision-making.

In the past, literature on decision-making was mainly dominated by the economic utility-based theories
[74], [25] [71]. However, lately these utility-based theories have been critizised by many experts as these
theories do not incorporate emotions and biases that play a role in decision-making. As a result these theories
are considered unrealistic and have a limited applicability, e.g. for decion making cases that only require an
idealised rational approach where no emotions play no role [33].

To incorporate for emotions, a number of decision-making models have been developed [63], [60], [68].
The paper 'Adaptive modelling of social decision-making by agents integrating simulated behavior and per-
ceptions chains’ by Sharpanskyk’h [63] incorporates theory of the OCC model developed by Ortony, Clore
and Collins [51], 'simulation’ theory of Hesslow [31] and Damasio’s theory on somatic markers [33]. In the
following sections the theory is further looked into.

6.1. Simulation Hypothesis Theory of Hesslow

One key process involved in decision-making is the generation of options and evaluating their outcome.
These options are generally a sequence of actions. The simulation hypothesis developed by Hesslow G. in
1994 [31] tries to scientifically explain this generation and evaluation of options in terms of basic perceptual
and motor functions. It relies on the following three core assumptions, from [31]:

1. Simulation of actions. We can activate pre-motor areas in the frontal lobes in a way that resembles
activity during a normal action but does not cause any overt movement.

2. Simulation of perception. Imagining that one perceives something is essentially the same as actually
perceiving it, but the perceptual activity is generated by the brain itself rather than by external stimuli.

3. Anticipation. There are associative mechanisms that enable both behavioural and perceptual activity
to elicit other perceptual activity in the sensory areas of the brain. Most importantly, a simulated action
can elicit perceptual activity that resembles the activity that would have occurred if the action had
actually been performed.

Based on these assumptions Hesslow identifies the following behavioural chain how long sequence of
responses responses and consequences can be simulated. This is presented in Figure 6.1.

45
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Figure 6.2: The original structure of emotions of the OCC model from [52].
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Figure 6.1: Representation of internal simulation proposed by Hesslow, from [31].

Figure 6.1 shows the simulation of a behavioural chain proposed by Hesslow. Supposing that someone
has experienced the following situation in the past: a response R1 to a certain situation S1 usually results in
other certain situation S2 which in turn usually result in certain situation response R2 and so on. As such
this regularity can be learned and so when performing the neural activity r1 in the presence of s1, elicits the
expected activity s2. This sensory state may serve as a stimulus for a new response, and so on. And as such
one is able to imagine a long chain of of responses and situations without even performing those actions [31].

This theory is also used in the section 7.6 regarding anticipation. Using this theory, the agents can gener-
ate an action plan to the information they perceive.

6.2. Damasio’s Somatic Marker Hypothesis
Contrary to the utility-based theories, Damasio observed that people with damage in the brain region re-
lated to the regulation of emotions have a poor decision-making behaviour. He introduced in 1994 the theory
known as the Somatic Marker Hypothesis [33]. He defines somatic markers as feelings in the body that are
associated with emotions (e.g. anxiety). According to Damasio these somatic markers depend on past expe-
riences and affect decision-making [33].

Damasio argues these somatic markers are induced by the sensory state of the person and it can be de-
scribed by the the following causal chain [63]:

sensory state —preparation for the induced bodily response —induced bodily response —sensing the bodily
response —sensory representation of the bodily response —induced feeling

6.3. 0CC

The OCC Model is a model developped by Ortony, Clore and Collins (OCC) in 1988. The OCC model presents
a structure that clusters 22 emotion types as presented in Figure 6.2.
The hierarchy is branched down into three: (1) emotions due to consequences of events (e.g., fear), (2)
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emotions due the actions of agents (e.g., admiration) and emotions due to the aspects of objects (e.g., love).
Some of the emotions are clustered together, e.g. joy and distress are clustered together in the well-being
group. These three branches (events, actions and objects) make the OCC model suitable for implementation
in agent-based models [67].

Later experts have identified ambiguities regarding the structure of the OCC model and regarding the
applicability for the field of Artificial Intelligence. Steunebrink B. R. revisited the OCC model and constructed
a new hierarchy [67]. This effort seems to formalise the emotions in a more logic way which makes it easier
for the implementation in agent-based models.






Model Output Analysis

The purpose of this thesis is to provide insight in the impact of the COVID-19 restrictions on the airport
operations performance using the AATOM simulator. In order to do so, AATOM should provide the relevant
outputs to make conclusions about the impact on the performance.

7.1. Current Outputs

There are already several analyzers made in AATOM by Stef Janssen, which can be used. These can be vi-
sualised in the graphs tab, as can be seen below in Figure 7.1. Examples of analyzers are: QueueAnalyzer,
TimeInQueueAnalyzer, ActivityDistributionAnalyzer, TimeToGateAnalyzer, AgentNumberAnalyzer, Missed-
FlightsAnalyzer, DistanceAnalyzer.
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Figure 7.1: Snapshot of AATOM graphs for Eindhoven Airport

The QueueAnalyzer and TimeInQueueAnalyzer (the two graphs in in top of Figure 7.1) show the amount
of passengers in a queue and the average time a passenger spends in a queue. The red colour in these graphs
refers to the most left check-in queue. The purple colour refers to the middle check-in queue. The green
colour represents the right check-in queue. Yellow represents the security queue. The ActivityDistribution-
Analyzer shows the amount of passengers distributed over the 3 sections of the airport, namely checkpoint,
gate and check-in. The TimeToGateAnalyzer shows two graphs. Namely, the average time passengers takes
to the gate and the average time passengers (filtered per flight) take to arrive at the gate. The AgentNum-
berAnalyzer shows the amount of passengers at the airport. The MissedFlightAnalyzer shows the amount of
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passengers that missed their flight. Lastly, the DistanceAnalyzer shows the average distance covered of the
passengers.

Unfortunately, these outputs only give an indication about the performance of the airport. They don’t
give any indication about the safety of passengers, e.g. what the average distance between passengers is. Due
to the COVID-19 situation, passenger safety is also very important. A trade-of between airport efficiency and
passenger safety needs to be made.

7.2. Why Safety KPIs are needed

Due to the COVID-19 situation airports are obliged to take measures to ensure safety for the passengers. Many
airport consulting companies, such as Crowdvision [18], think that safe separation KPIs will be as important
for airports as passenger experience and efficiency KPIs. They have the vision that only those airports that
focus on passenger safety and pandemic risk reduction will emerge the fastest and strongest from the current
crisis [18]. Recently, the Airport Council International ACI started the airport health accreditation (AHA) pro-
gramme. This is a programme which gives airports with an assessment of how aligned their health measures
are with the ACI Aviation Business Restart and Recovery guidelines and ICAO Council Aviation Restart Task
Force recommendations along with industry best practices.

Other key reasons to implement Safe Separation KPIs are, from [69].

To secure the right to operate: Airports can use this to tool to demonstrate to regulators, staff unions,
insurance companies and other stakeholders that they are prioritizing health and safety in a measurable,
established manner and risk management strategies have been implemented.

To win confidence: Airports can prove to the passengers that a safe environment is created and that the
necessary measures to reduce the risk of disease transmission have been taken.

To rethink the airport layout: This tool can be used to assess the safety of an airport and to determine
possible bottlenecks and unsafe spots. By analysing and comparing the best layout, processes and practices
can be chosen to define the new normal.

To compete: Airports will compete which each other in terms which of safety and passenger experience.
With the use of this tool airports can differentiate from other airports.

To be future proof: we are entering a new normal, with more attention to passenger safety. Like the
terrorist attack of 9/11 changed aviation in terms of passenger security, COVID-19 will change aviation in
terms of passenger safety and health. This tool will enable airports to sustain beyond COVID-19 and to be
prepared when new pandemics arise in the future.

7.3. Translating Risk into KPIs

In order to know how we can eliminate the disease transmission one should first understand how the disease
is transmitted. If this is known, one can design KPIs that present useful information in order to monitor the
risk.

The transmission of the respiratory syndrome corona-virus 2 (COVID-19) virus is not fully understood yet.
Many experts assume that the spread is found by physical contact, droplets and airborne routes [76]. Also the
average number of virus particles needed to get infected (also known as the infection dose) is not known
yet. But given, the rapid spread, it is likely to be low around the order of a hundred to a thousand particles -
according to Willem van Schaik, professor microbiology and infection at the University of Birmingham [26].
Keeping in mind that for example a single sneeze can release about 3000 droplets, the infection dose is thus
really low. Thus, one could get infected by inhaling a 1000 infected viral particles in one breath by someone
standing in front of him or her. Or one could get infected by inhaling 100 viral particles over 10 breaths. Also
one could get infected by being in contact with a highly contaminated object. All of the these situations could
lead to an infection [24]. The risk of infection is thus related to the infection dose, which is a relation between
the exposure mechanism to the virus (e. g. how close you are standing to an infected person and if you are
standing face-to-face to each other) and for how long (in a long period of time you can inhale more particles).
Also the risk of infection is dependent on the vulnerability of the people. Persons at a age above 55 years are
generally at a higher risk of acquiring COVID-19 than those younger [55]. The risk can be translated into a
multivariable equation with key parameters: Exposure Mechanism, Exposure Time and Vulnerabiility of the
individual [24] [55].

In order to minimise the risk of transmission in the airport terminal one should therefore increase the
distance between the passengers (spread out) and decrease the time people are exposed to each other (speed
up). It has thus two dimensions and can be seen in Figure 7.2.
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Figure 7.2: To minimise the risk of transmission should increase the distance between the passengers (spread out) and decrease the time
people are exposed to each other (speed up) [17].

7.4. Risk Analysis Models

There are different options to asses the passenger risk to get infected by the COVID-19 pandemic. An simple
option could be to keep it simple and to assess basic characteristics, such as the average distance between
the agents. A more advanced option could be to couple the model with a epidemiological model, such that
more insight is gathered how the disease would spread in the terminal.

An example of such an epidemiological model is the SIR model [7]. This model was developed in 1920
to study disease spread. It divides the people into three types: Susceptible, Infectious and Recovered. This
model is nowadays still used often. Especially now during the COVID-19 situation, it is used by policy makers
to support decisions, such as e.g. the physical distancing measures to mitigate the spread of COVID-19. Also
many modifications of the SIR model exist. An example is the SEIR model [43], which includes and extra type:
Exposed. Other models are stochastic transmission models and mean-field epidemiological models.

Although these models provide great insight insight and help decision makers to predict the spread of the
disease, there are two issues with these models [56].

Firstly, these existing epidemiological models are macroscopic and therefore they do not fully consider
the individual behaviour of the people and their interactions [56]. Therefore these models are unsuitable to
analyse the impact of a social distance measure.

Secondly and more importantly, these models rely on specific assumptions and initial conditions which
are linked to the specification of the disease. Namely, how many people are infected initially. Without know-
ing these input parameters these models can not be used for AATOM.

Therefore we need to look at more universal models to assess the safety of the passenger.

7.5. EXPOSED Model

An example of such an universal model is EXPOSED [56]. This is a model-agnostic, which means that it
can use any microscopic crowd model that is able to simulate pedestrian movement and to provide outputs
regarding the location of the agents in the simulated environment over time [56]. Therefore it very suitable
for AATOM because the implementation is easy.

The EXPOSED model, designed by Ronchi E. and Lovreglio R. [56] is using a general formulation instead
of relying a specific disease transmission. It is therefore very universal and can be tailored to new pandemics
when there is no compelling understanding in the transmission of the pandemic. Adaptions to the model can
be made by changing the exposure assumptions (e.g. distance between passengers, face-face or face-back).
These assumptions will be explained next.

The model does a quantitative analysis of the exposure of passengers to disease transmission. It assumes
a direct transmission from passenger to passenger by physical contact, droplets and airborne routes. It does
not take into account contaminated surfaces.
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7.5.1. Exposure Mechanisms
The authors consider six exposure mechanisms. These are explained in the following paragraph and pre-
sented in Figure 7.3:

1.1.Exposure by physical contact 1.2.Exposure considering social distance
radius
o
;e® ie
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1.3.Exposure by face-to-face contact 1.4.Exposure by being in the same room

within a social distance radius
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1.5.Exposure by being in the same building

Figure 7.3: Six different exposure mechanisms [56]

Firstly, a passenger can be exposed by physical contact with an other passenger. Since passenger are mod-
elled as circles, it is therefore possible to easily detect if passengers touch each. This assumptions requires
the passengers location over time. But this is easily stored in the log files of AATOM.

Secondly, a passenger can be exposed by an other passenger being too close (less than 1.5m). This as-
sumption is calculated in the same way as first mechanism and requires the same information.

Thirdly, the previous mechanism can be advanced by incorporating the heading of the passengers. Since
passengers that are headed towards each other, are exposed more than for e.g. when these passengers were
face-to-back. Therefore a distinction could be made. This assumption requires to the location and heading
of passengers over time. To simplify calculations, Ronchi proposes to use polar coordinates.

Lastly, Ronchi addresses the two other mechanisms namely: exposure by being in the same room and
exposure by being in the same building. I don’t think this mechanism needs attention because it is not very
applicable to a terminal environment. A terminal environment is one big area.

Of all these six different mechanisms, the EXPOSED model can implemented with one or more of these
mechanisms. One can also run the EXPOSED model for the different mechanisms separately and then ob-
serve to which exposure mechanism passengers are exposed the most. The methodology of the model is
explained in the next section.

7.5.2. EXPOSED Methodology
The methodology of the EXPOSED model is as follow:

There are n agents in total and each agent i can be exposed to a certain number of other agents at each
time-step 7 = {fy, f1, ..., bgro Tt} The number of people k to which agent i is exposed to at each time step 7,
can be expressed by the vector &'.



7.5. EXPOSED Model 53

8l = {ew, €11, €1, €1} Vi (7.1)

where e, is the number of agents k to which agent i is exposed at time point Z4.

If we create this vector for all the n agents, we can make a matrix E ; with implementing on every row this
vector of respective agent.
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Note, that it is possible to add a weighting constant to each row that considers the vulnerability of each
agent. For example if different types of agents are implemented such as older and younger agents than these
weights could compensate for the vulnerability of the older agents.

From the E ; itis possible to obtain the time T]i each agent i has been exposed to a given number of agents
k by summing the time-steps 7, at which agent i was exposed to k number of agents. This is formalised by
Equation 7.3.

TL=) 1 Vik (7.3)

If we calculate Equation 7.3 for all the n agents and for all k. Then it is possible to group the exposure
times corresponding to the given number of agents k and observe the distributions with a mean pj; and
standard-deviation o .

Tr(uk, 0%) (7.4)
The distributions can give insight in the passenger exposure and also in:
* The maximum number of agents that agents are exposed to a the same time.
* The longest time agents are exposed to other k agents at the same time.

* The mean and variance of these exposure times and how they are distributed among the different num-
ber of agents k.

If we sum the exposure times T,é of all agents that have been exposed to a given number of agents k, we

can perform a cumulative exposure assessment. This is formalised with Equation 7.5, with Cy. is the indicator
of how long all the passengers have been exposed to k other passengers (at the same time.)

n .
Ce=).T, (7.5)
i

To perform a global assessment one can sum all Cy multiplied with a weighing factor y. This weighting
factor can for example be linearly increased with increasing k because being exposed to more people is less
desirable (and therefore it should increase the exposure output). A formalisation is presented in Equation 7.6

m
G=) yiCk (7.6)
k=1

The choice of the values of yy is up to the user and can be changed.
For an example how the EXPOSED model is presented in section 5 of [56].
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7.5.3. Advantages and Disadvantages
The advantage of EXPOSED is that it is:

1. Itis very universal because it is an model-agnostic and therefore only needs the outputs of any pedes-
trian dynamics model, which is able to provide information concerning the location of the agents
throughout time.

2. It does not rely specific assumptions that depend on specific disease characteristics. It also does not
require specific initialisation parameters, e.g. how many infected passengers enter the terminal.

3. Ttis very flexible and can be adapted to use different transmission mechanisms and assumptions. It is
therefore also future-proof in the case a new pandemic arises.

The downside of this model:

1. The result is very much depended on the accuracy of the pedestrian dynamics model. If the pedestrian
dynamic model does not provide realistic outputs, such as the location of the passengers over time,
then the safety analysis wont be credible.

2. Tt is a rather simple model. The output is not very advanced. This model does not give information,
at which location the passengers are exposed the most and thus observing where bottlenecks are. One
could however, make some simple modifications to enable this feature.

7.6. Anticipation on the allocation of resources

The airport is a complex socio-technical system that is dynamic due to a varying flight schedule and is ex-
posed often to internal and external disruptions.

One can make a distinction between disruptions on their probability of occurrence. First, there are ex-
ceptional disruptions such as a terrorist attack, as the one in March 2016 at Brussels Airport. These kind of
disruptions have mostly catastrophic effects and unfortunately they are very hard to predict.

Secondly, there are disruptions that happen on a regular basis but fortunately they are easier to predict.
An example are delays and cancellations of flights due to bad weather. Also, striking personnel (e.g. security
personnel [32]) can happen. Resulting in larger queues because of the reduced capacity. More importantly,
now with COVID-19, it is very common that flights get cancelled because for example governments suddenly
closing their boarders or countries that are getting a negative travel advise.

E Jimenez Serrano and A. Kazda [40] made a list of different disruptions including their predictability, the
main elements disrupted and its propagation along the operations of the airport. As they state that state that
even small disruptions such as small error in flight schedules can propagate further in the flight schedule it is
an important step in understanding the disruption management process.

Disruptions are often associated with a high cost. Disruptions in aviation cost airlines and their customers
up to 60 billion dollar per year, or about 8 percent of worldwide airline revenue according to Amadeus [37].
Not only the economical costs are of concern but more importantly these disruptions can impact the safety
of the passengers. Disruptions such as a change in flight schedule can result in overflowing waiting queues
and people being exposed to the risk of COVID-19 infection. Therefore in order to minimze the impact of
these events one should implement an mechanisms in AATOM that is able to predict disruptions and is able
to act accordingly such that operations can continue as smooth as possible.

7.6.1. Risk management versus disruption management

The analysis of disruptions and abnormalities in airport operations involves two main streams of research:
risk management and disruption management. "Risk management" deals with: risk identification, risk quan-
tification (quantify the the probability of occurrence and the impact) and risk mitigation (defining actions to
mitigate the risk) [6]. Disruption management on the other hand deals with disruptions after they have hap-
pened including: disruption discovery, disruption recovery and network redesign and learning [6]. Thus, risk
management is more about predicting and anticipating on probable disruptions [6]. The rest of this section
will consider risk management, focusing on anticipation.
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7.6.2. Different types of anticipation

Rosen was one of the first that defined anticipation in artificial systems in 1985 [57]: An anticipatory system
is a system containing a predictive model of itself and/or of its environment that allows it to change current
state at an instant in accord with the model predictions pertaining to a later instant.

Butz [13] identified four types of anticipation: implicit anticipation, payoff anticipation, sensory anticipa-
tion, and explicit anticipation. However, implicit anticipation can not be considered as anticipation accord-
ing Rosen’s definition because it does not make a prediction about the future and the actions are reactive.

Payoff anticipation evaluates the expected benefits associated with each possible action and executes the
action with the highest benefit [16]. In this case, the decisions are thus based on the utility of the predicted
results. [20]
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Figure 7.4: A schematic representation of explicit anticipation. Decision making is directly influenced by future state predictions and the
current state of the agent can be influenced by previous actions and sensory input, from [13].

In sensory anticipation the predictions have an influence on behaviour of the agents. The decision-
making is however not only influenced by the current state of the system and not by the predictions. An
example is the model of Castelfranchi et al. [15] agents tend to modify their perceptions and their behavior
(for example anxiety) in relation to occurring events.[20]

In explicit anticipation combines both mechanisms of payoff anticipation and sensory anticipation. The
predictions influences perceptions and decision-making simultaneously [20]. A schematic representation of
explicit anticipation is presented in Figure 7.4,

The figure shows that decision-making is directly influenced by future state predictions and their utility
regarding the predicted results. The current state of the agent is influenced by previous actions and sensory
input. Sensory input can also trigger the generation of predictions about future state(s) [14].

7.6.3. Conceptual Model

As explained earlier, there are three type of agents in AATOM: passenger agents, operator agents and orches-
tration agents. The orchestration agent was left general by S. A. M. Janssen to be adapted depending on the
case study. Therefore the orchestration agent can be used as the anticipation agent. The orchestration agent
can be modelled with the function to observe and monitor the passenger agents and the environment such
as disruptions in the flight schedule as well as the KPIs explained in chapter 7. Based on these observations
the orchestration agent can then make predictions about the future state of system and identify potential
risks. A potential risk should be defined as the system exceeding a certain threshold of one the KPIs explained
in chapter 7. The orchestration agent can be modelled with the function to generate a set of actions based
on the predictions, such as opening or closing extra set of security lanes, check-in desks, or other resources.
Other actions could be ordering an operator agent to attend passenger agents on social distancing. Then
predictions are made of the action effects. All predictions are computed by forward simulation of the agent-
based simulator as explained in chapter 6. These actions are evaluated by the orchestration agent regarding
the utility of the results using the defined safety KPIs as a metric. At the same time, costs associated with the
actions (activation of the extra resources) opening extra security lanes should also be taken into account in
the evaluation. Using these valuations, the orchestration agent can then decide on what action to perform.
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Considering the architecture of AATOM explained in Figure 4.1 and the discussion above a conceptual
model for the orchestration/anticipatory agent is proposed. The model is represented in Figure 7.5.
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Figure 7.5: Model architecture for the orchestration agent, from [9].
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The proposed model in Figure 7.5 is different compared to the model for the passenger and operator
agents (see Figure 4.1 regarding the strategic layer and the absence of the tactical layer. The architecture and
its modules is explained below.

Using the perception and interpretation module the orchestration agent is able to observe the environ-
ment (examples include disruptions in the flight schedule, queue lengths) and the metrics defined in chap-
ter 7. It is then able to interpret these observations, such that it is aware of the changes in the environment
and possible risks that triggers anticipation. It is comparable to the sensory input shown in Figure 7.4.

Based on these interpretations the belief module is updated. The belief module stores all the informa-
tion that it gathered from the perception module, information includes the activity and action states. Hence
an update in the belief can also trigger the activation of the reasoning module. But also the output of the
reasoning module is fed back into the belief module such as the predicted outcomes of the proposed set of
actions.

Using the interpretation of the environment which is stored in the belief module the reasoning module
makes predictions about the future state of the system. It analyses this future state and can identify poten-
tial risks based on the Hesslow simulative theory, see chapter 6. It then generate a set of possible actions
and predicts their utility. These actions are then evaluated regarding the utility to decide on what action to
perform.

This action is then send to the action module. In the action module the selected action is executed.



Conclusions

In this chapter, the final conclusions are presented, which aim to summarise the most significant aspects of
the analysed literature.

COVID-19 restrictions - Due to the COVID-19 virus many countries closed their borders to mitigate the
spread of the virus and to reduce COVID-19 deaths. As a result, global passenger demand of April 2020 (in rev-
enue passenger kilometer or RPK) plunged with 94.3 percent compared to last year. A vaccine is considered as
the only solution to completely eradicate the spread of COVID-19. However, the European Medicines Agency
(EMA) expects that it may take at least one year before a vaccine is approved and available for widespread use
in the EU. Fortunately, most (European) countries have successfully flattened the curve of the first COVID-19
wave but the situation remains critical since many countries are now entering a second wave. Fortunately,
countries have slowly lifted mobility restrictions and passenger demand is slowly rebounding. Thus airports
are slowly starting up again. The European Aviation Safety Agency (EASA) therefore released guidelines for
airports and airlines with measures to protect public health. During the literature study these measures where
investigated. It was concluded that the most important restrictions for the airports are the following: social
distancing, entry/exit temperature screening measures, queuing prevention and the use of personal protec-
tive equipment. Of all these restrictions social distancing is considered to have the greatest impact on the
airport operations. Social distancing, also known as physical distancing, is defined as passengers needing to
maintain at least 1.5 meter distance from each other. However, passengers from the same household are not
required to maintain physical distance. As in normal operations and conditions, waiting lines are generally
long at check-in desks and security check points imposing the social distancing rule will make airport opera-
tions even more challenging when passenger demand gets back to normal. Therefore EASA advises airports
to implement floor markings 1.5 meters apart that can assist passengers in maintaining physical distance.
Also it was noted that as the COVID-19 situation is highly dynamic measures will be adjusted. Therefore a
thorough follow up is needed. Also the model needs to be easily adjustable. An agent-based model therefore
seems the perfect modelling choice.

Airport Operations - Operations at an airport were also investigated in this literature study. It was con-
cluded that the airport is a highly complex socio-economic system as it consists out of many different pro-
cesses that are linked with each other. The passenger flow can be generally split up in departing passengers,
arriving passengers and connecting passengers. It was also found that an airport terminal generally consists
out of three areas: the transit hall, the departure hall and the arrival hall. The transit hall is the area where
departing passengers enter the airport and arrived passengers leave the airport. In this area the departing
passengers can check in at the check-in desks or make use of other facilities such as shopping or restaurants.
The transit hall and the departure hall are connected by the security check area. In the departure hall the
gates are located where the departing passengers can wait for their flight. The arrival hall is solely used by the
arriving passengers (and connecting passengers).

Passenger Characteristics - In chapter 3 he passenger characteristics were investigated. Based on the
work of Schultz M. [62] it was found that the passenger characteristics have an impact on their walking speed.
It was concluded that passenger speed is significantly influenced by age, gender, group size and travel pur-
pose (business or leisure). The results of the interdependencies between passenger speed and passenger
characteristics were given by Schultz et al [62] in the form of statistical distributions. These distributions will
be implemented in AATOM such that different passenger types are created. Then also a risk-analysis will
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be done in the model output analysis to observe which type of passenger is more vulnerable to a COVID-19
infection due to his/her behaviour.

Agent Based Modelling and AATOM - As it was concluded that the airport operations is a complex socio-
economic system and that the COVID-19 situation is highly dynamic as the restrictions will change when
more scientific evidence is found, there is a need for a flexible and easily adaptable modelling approach. The
AATOM, Agent-based Airport Terminal Operations Model simulator, designed by the PhD student S. A. M.
Janssen seems to satisfy these criteria. It contains calibrated templates of basic airport terminal configura-
tions that can be easily adjusted and used for analysis of airport operations. The model simulates the main
handling processes for departing passengers in the airport terminal, this includes check-in, security check-
point and border control. AATOM is agent based. It is a bottom-up modelling approach as passengers and
airport staff are programmed as autonomous intelligent entities, called agents and their behaviour is for-
malised by equations, more generally decision rules (e.g. if-then kind of rules). As a result the modelling
approach is very flexible [29]. In this way it allows to produce characteristics of the system emergence with-
out having to make assumptions in advance regarding the system as a whole. Agent-based simulation is ideal
to study interdependencies between agent types and model emergences [29]. It is also suited for detailed
hypothesis-testing, more in particular to study the consequences of ex-ante hypotheses such as the interac-
tions of agents and the emergence of the system as a whole [29]. It can be considered as a sort of magnifying
glass to understand the reality better [29].

Pedestrian Dynamics - During the literature study different pedestrian dynamics models were investi-
gated because this information is necessary to implement physical distancing between the agents (one of the
restrictions posed by EASA). First the differences between macroscopic and microscopic models were anal-
ysed. It was concluded that macroscopic models are not suitable for the purpose of the thesis because of their
lackin detailed crowd behaviour thus not giving insights in the distances and interactions between the agents.
Therefore macroscopic models were directly excluded for further analysis. Five different microscopic models
were analysed: the benefit-cost cellular model, the magnetic force model, the cellular automata model, the
social force model and the queuing network model. In the end, the five models were compared with each
other and it was concluded that the social force model of Helbing et al. [30] was the most suitable for simu-
lating passengers. Key reasons were that the social force model is a continuous and therefore the simulations
look more realistic and it is able to simulate more emergent properties. The values of the parameters have
also a physical meaning and therefore calibrating these parameters for social distancing will be easier.

Modifications Social Force Model - After the social force model was chosen to be considered to further
work with in the AATOM, a deeper analysis was done in the mathematics of the model. It was found that the
movement of the pedestrians are simulated by the superposition of three forces: the social repulsion force,
the pushing force and the friction force. The social repulsion force is the force by which agents are repelled
from each other such that they keep distance and dont enter into the social space of an other pedestrian. The
mathematical expression for the social repulsion force is the following:

fsocial repulsion = Aie(ri_dij)/B[ ﬁij (8.1)

This is an exponential function. As two agents i and j are coming closer to each other the social repulsion
force is increasing exponentially such that the agents are repelled from each other. r; is the radius of agent i
as agents are modelled as circles. d;; is the absolute distance between the two agents. 7;; is the normalised
vector going from agent j to agent i. A and B are Helbing constants. A represents the maximum value of the
social repulsion force when the agents are almost touching each other, expressed in Newtons. B represents
the fall of length expressed in meters. A higher B value activates the social repulsion force earlier, such that
agents automatically take more distance between each other.

Cognitive Decision-Making - During the literature study cognitive decision-making was investigated. It
was found that there is a strong relation between personality traits and their tendency to take risks, their
meanness and lack of restraint. It was found that individuals with high levels of anti-sociality engage in fewer
social distancing rules. Therefore decision-making was considered to be an important part of the literature
study. Three relevant theories regarding decision-making were investigated, namely Simulation Hypothesis
Theory of Hesslow [31], Damasio’s Somatic Marker Hypothesis [33] and OCC model [67]. Firstly, it was con-
cluded that using the theory of Hesslow agents are able to imagine a long chain of of responses and situations
without even performing those actions. This theory will be used in the anticipation mechanism. Secondly,
it was concluded based on Damasio’s Somatic Marker Hypothesis that passengers their decision-making is
depended on the their feelings. Damasio’s defined these feelings as somatic markers and these depend on
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past experiences and affect decision-making. Lastly, it was concluded that the OCC model is a suitable rep-
resentation how emotion types can be clustered in a logic way in order for easy implementation in AATOM.

Model Output Analysis - The outputs of the current AATOM model were investigated. It was found that
these output indicators are purely performance based, as examples include "amount of passengers in queue",
"average time in queue" and others. They don’t give any indication regarding the safety of the passengers.
However, it was concluded that there is a need for safety indicators due to the COVID-19 situation as the
ACI is issuing a new health accreditation programme. This is a merit-based programme for airports to be
recognised by passengers, staff, regulators, and governments for prioritising health and safety measures [3].
Also since currently the transmission of the respiratory syndrome corona-virus 2 (COVID-19) virus is not
fully understood yet. Many experts assume that the spread is found by physical contact, droplets and air-
borne routes[76]. Therefore there is a need for a flexible model that does not rely on specific assumptions
of the disease and initial condition’s (e.g. how many infected people enter the terminal). It was concluded
that generally the health risk can be translated into a multivariable equation with key parameters: Exposure
Mechanism, Exposure Time and Vulnerabiility of the individual [24] [55]. The EXPOSED model, designed
by Ronchi E. and Lovreglio R. [56], was investigated. This model is a model-agnostic and can be used with
AATOM. It is a universal model as does not rely on a specific disease transmission and can therefore also be
tailored new pandemics when there is no compelling understanding in the transmission of the pandemic.
The model has also some downsides. As the model does not give at which location the passengers are ex-
posed the most and it thus not give insights where bottle necks at the airport are. Also, it does not show if
passengers are always exposed to the same passengers or to many different passengers. However, this model
is considered to be useful and can serve as a foundation to be further adapted.

Anticipation on Allocation of Resources - Earlier it was already stated that the airport can be considered
as a complex socio-technical system that is dynamic due to a varying flight schedule and is exposed often to
internal and external disruptions. Also, as even small disruptions such as small error in flight schedules can
propagate further in the flight schedule. As a result, disruptions can have a significant impact an the health
risk of the passengers as queues can overflow and passengers not being able to keep distance. Therefore it
was concluded that mechanisms should be implemented in AATOM to be able to predict these disruptions
and to act then accordingly. First, a investigation was made in the difference between risk management and
disruption management. It was concluded that disruption management handles disruptions after they have
happened. While, risk management is more about predicting and anticipating on probable disruptions [6].
Four types of anticipation mechanisms were identified: "implicit anticipation”, "payoff anticipation", "sen-
sory anticipation" and "explicit anticipation" [14]. "Explicit anticipation" is considered the most advanced
mechanism as it combines all the aspects of the other types mentioned: decision making is directly influ-
enced by future state predictions and their predicted utility. The current state of the agent is influenced by
previous actions and sensory input [14]. This anticipation mechanism is considered to be the most applica-
ble for AATOM. Finally, a conceptual anticipation model based on the work of [9] was proposed. This model
can be implemented in the orchestration agent of AATOM.






Research Proposal

This chapter presents the research proposal. This includes the objective and research questions in section 9.1,
the work packages required for the thesis in section 9.2 and the project planning presented in a Gantt chart
in section 9.3.

9.1. Objective and Research Questions
The main goal of the thesis is:

The research objective is to analyze the impact of current (COVID-19) and future pandemic-related mea-
sures on airport terminal operations and to identify plans that airport management agents can take to control
the flow of passengers in a safe, efficient, secure and resilient way.

To reach this objective, answers will be sought to the following research questions:

1. How does the current process at airport terminals look like? Which other COVID-19 measures besides
physical distancing are required in airport terminals? How can these measures be implemented in AATOM?

This first research question aims at defining a clear view on the conditions at which airport terminals
need to operate currently and what the expectations are in the near future (seen from the standpoint
of airport operators?). Relevant sub-questions are posed below. The sequence of these questions will
guide to answer the research objective.

(a) What is current passenger demand at airports? And what is expected in the near and long term
future?

(b) What current measures are introduced at airports to facilitate a safe and efficient journey to the
passengers? What measures are expected in the future?

(c) Do some processing activities (e.g. check-in or security) take more time?

(d) How are passenger flows currently controlled? How are crowded areas in the airport avoided? Are
problems expected regarding the passenger safety (exposure to COVID-19 transmission) when
passenger demand is rebounding back?

In order to answer these research questions, these questions will be asked to the operators and repre-
sentatives at Rotterdam The Hague Airport (RTHA).

2. How can the measures identified (in 1) be implemented in AATOM? Which modifications are required
in the Helbing Movement Module of the AATOM agent-based model in order to implement social dis-
tancing?

This research questions aims at linking the previous question with the next one. The next research
question is regarding defining the impact of the identified COVID-19 measures on the airport opera-
tions. To answer this research question, first the agent-based AATOM model will need to be modified
in order to implement these COVID-19 measures. This research questions aims at defining how these
identified measures can be implemented in the current existing AATOM model.
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3. What will be the impact of the identified COVID-19 measures (physical distancing and other important
measures) on the airport operations? Which processes at the airport need to be revised? Where at the
airport will bottlenecks occur?

If the previous research question is answered then, the modified AATOM model can be used to run
simulations and to identify the impact of the measures on airport terminal operations. This research
question aims at defining what kind of impact one should be looking for, namely are bottlenecks oc-
curring or are there airport processes that need to be revised because of a lack of efficiency or safety for
passenger?

4. How can passenger safety be translated into new indicators? How can these new indicators be imple-
mented in AATOM?

In the current AATOM model the indicators are purely performance based, as they show for example
the amount of waiting passengers in queue or the average walking distance to the gate and other indica-
tions. However, the research goal of the thesis is also to analyse the safety of the passengers. Therefore,
new indicators related to passenger safety need to be implemented in AATOM. This research question
aims at defining what these indicators should present in order to be representative for passenger safety.

5. What measures and plans for airport management agents can be implemented to control the flow of
passengers in a more safe, efficient, secure and resilient way?

After the COVID-19 measures and the new indicators have been implemented in AATOM one can ob-
serve the new emergencies in the airport terminal operations. Then one should know what resources
are available at an airport before one can come up with strategy plans and control mechanisms to im-
prove efficiency and safety. This research question aims to define what the available resources are and
what strategy plans can be made.

6. What disruptions are present at the airport? What is the impact on the resilience of airport terminal
operations under COVID-19-related measures and the health risk of the passengers to sudden changes
of flight schedules and the disruptions identified?

In order to assess the resilience of the airport operations under COVID-19 restrictions it is crucial to
know what disruptions events can be present at the airport. This research question aims at defining
what disruptions can be present now at airport terminals and at defining what the impact is on the
resilience of the aiprort and the health risk of the passengers.

7. How does the implementation of control mechanisms with regard to managing resources and the pas-
senger flow in the airport terminal, influence the efficiency and resilience of the airport and the health
risk of the passengers?

(a) How to develop the adaptive resource control model?

i. Which resources in the airport terminal can be controlled and how often can the allocation
be adjusted?

ii. What input data is needed for the control model?
iii. How to predict the passenger flow?

iv. How to determine the optimal resource allocation?
(b) How to validate the model?

(c) Which case studies should be performed (what disturbed conditions) in order to understand the
adaptive capacity of the system?

(d) How to analyse the results?

9.2, Work Packages

In this section the different work packages are defined.
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9.2.1. Initial Phase (12 weeks)

The initial phase of the thesis is regarding the initiation of the research, the development of the model and
data analysis. The initial phase is considered to take around 12 weeks. The initial phase consists out of
different work packages that need to be completed, they are explained below.

WP1: Defining Research Scope and Orientation Eclipse and AATOM (2 weeks)

This part has two scopes. Firstly, it is aimed at obtaining a clear view on the conditions in which airport
terminals currently operate and what the expectations are in the near future. In more particular, a physical
visit to RTHA or Skype meeting needs to be planned with a representative (depending on what is possible).
During this meeting, information needs to be obtained regarding the current way of operations (what is dif-
ferent compared to pre COVID-19 situation), the COVID-19 measures that are implemented, the current and
expected passenger demand, the need for simulators to assess the safety of airports. Note, much of this in-
formation has already been gathered during the literature study but this meeting is regarded as validation.
Secondly, a meeting is needed with Adin for a quick introduction to Eclipse and AATOM. Before the meet-
ing, I should prepare by exploring AATOM more and by listing my questions. Questions will be regarding the
general structure of AATOM (e.g. what the input is in AATOM. How the goals of the agents are created. How
the path of the agents are created, How to change the indicators in the output analysis). These are general
questions to obtain generally insight in AATOM and thus how and in which module the COVID-19 measures
will need to be implemented. Also, since I have no experience with JAVA. During this work package I need to
learn more about JAVA. During the literature study relevant sources to learn JAVA (internet websites such as
W3schools.com, the introduction paper written by Stef Janssen) already have been gathered. Specific relevant
modules of a course from Udemy will be chosen and will be executed in parallel.

WP 2: Implementation of the COVID-19 measures (4 weeks)

The second work package is regarding the implementation of the identified COVID-19 measures in AATOM.
During the literature study, I have already been experimenting to implement physical distancing between the
agents. It worked but I some other undesired emergences aroused such as vibrating agents. Undesired phe-
nomena needs to be clustered according to similarity and then troubleshooted. Again, one or two meetings
need to be planned with Stef and/or Adin during the execution of this work package for some tips for fast and
efficient implementation. Lastly, the new emergences of the model should be verified and validated. Also
during this work package, relevant modules to learn JAVA will be executed.

WP 3: Defining and Implementing new Safety KPI Indicators (3 weeks)

Firstly, new indicators need to be defined regarding the safety of the passengers. More in particular what the
indicators should present in order to represent passenger safety? The work of Ronchi [56] can serve as a base
to extend further. Then these defined indicators need to be implemented in AATOM. Hereafter, the indicators
need to be verified and validated by visual inspection. A small case study can be executed to see where bottle
necks at the airport are occurring using the new defined and implemented indicators.

Additionally, also different passenger types can be defined using the literature explained in chapter 3 and
also extra literature should be gathered. These different passenger types need to be implemented. Their
emergence need to be verified and validated. Hereafter one can observe if the different passenger types are
influencing the indicators.

WP4: Defining conceptual control mechanism to optimise allocation of resources (2 weeks)

This work package is regarding the resource control mechanism.

Firstly, it should be defined what resources (e.g. amount of check-in desks, security check points etc.) can
be controlled. Moreover, how often these resources can be changed should be defined first. For example,
the amount of security check points can not be changed every 15 minutes due to available personnel and the
start up of the systems and other factors. Also, all relevant disruptive events (such as delays in flight schedule)
should be mapped and identified.

Then a a control model can be defined using the previous identified information based on relevant re-
search and existing control models (references from the literature study can be used).

Steps for the development of the control model are the following:

* Conceptual model development based on literature found (making a structure)
* Formalising the model

WP5: Preparation for the Mid Term Meeting (1 week)
This work packages is regarding the work that needs for the Mid Term Meeting.

* Define key findings and progress made during the initial phase.
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* Make a good PowerPoint deck.
* Prepare text for during the presentation.
 Try presentation a few times

* Prepare for Q & A

9.2.2. Final phase (12 weeks)
During the final phase, first the comments from the mid-term meeting need to be incorporated. Then the
defined model to allocate the resources needs to be implemented. Hereafter, the case studies needs to be
defined and executed. Lastly, the results need to be verified and validated and need to be reported in the
thesis report. The final phase ends with the green light meeting. The final phase is considered to take around
12 weeks in total.

WP6: Implementation of midterm comments (1 week)
During this week the comments that were made during the midterm review will be implemented.

WP7: Implementation of the control mechanism to optimise allocation of resources (5 weeks)
After successfully executing the aforementioned work packages, the defined control mechanism (WP4) can
be implemented. The steps are the following:

* Implementing the formalised conceptual model in AATOM.
* Verifying and validating the model

* Comparing the model to the previous AATOM model, verifying if the model is doing better in terms of
the defined .

WP8: Defining and Executing Case Studies, Analysing Simulation Results, Local Sensitivity and Global
Sensitivity Analysis (4 weeks)
In this work package, first different case studies need to be defined (e.g. what (disturbed) scenarios are con-
sidered). Then simulations are done using the new AATOM model. Then simulation results are analysed. A
local and global sensitivity analysis is done.

WP9: Focus on Draft version thesis report (1 week)
At the end of the final phase, I will focus on the writing the draft version. Note that during whole final phase,
report writing is done in parallel but during the work package an extra effort will be done in order to

WP10: Preparation for Green Light Meeting (1 week)
First, the draft version of the thesis report needs to be handed in.

¢ Define key findings and progress made during the final phase.
* Make a good PowerPoint deck.

* Prepare text for during the presentation.

* Try presentation a few times

e Prepare for Q & A

9.2.3. Final Thesis and Defence Phase (4 weeks)
After the green light meeting, we enter the final thesis and defence phase. The Final Thesis and Defence Phase
is considered to take around 4 weeks in total.

WP11: Implement Feedback from Green Light Meeting (1 week)
First, the comments from the green light meeting need to be implemented. This is considered to take around
1 week depending on the amount of comments.

WP12: Finalise Thesis (1 week)
Then, I will focus on finalising the thesis. For example, the report will be checked for grammar mistakes,
spellings errors, lay-out will be improved etc. This is considered to take 1 week.

WP13: Defence preparation (2 weeks)
Finally, preparation is needed for the defence. The following steps are needed.

* Define key findings of the thesis.



9.2. Work Packages

65

Make a good PowerPoint deck.

Prepare text for during the defence.

Try presentation a few times.

Prepare for Q & A
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Figure 9.1: Gantt Chart of the project planning for the thesis
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Supporting work






Model Elaboration

Figure 1.2 and Figure 1.1 present a UML diagram which shows the extensions made to the baseline Agent-
based Airport Terminal Operations Model (AATOM) [39]. The figures are shown on the next two pages. In the
next paragraph the modified code for the queueActivity is presented, this is discussed in Section 5: Verifica-
tion of the paper.

The QueueActivity.java code is modified in order to change the distance between the passengers when they
are queuing. One can change the value of "QueueStopDistance" of each passenger in order to have more or
less distance between the passengers. Note that in order to let this piece of code work an additional code (line
23-24) was inserted that makes sure that passengers are only set in queuing mode when there is no physical
object between them:

//This is the new modified piece of code.
@0verride
public boolean canStart(int timeStep) {
// if we’re the first one in queue, we can certainly start.
if (inFront0fQueue) {
return true;
}
// We determine if there is an agent in front of us that we don’t want to push.
Position position = movement.getPosition(); // own position
Position newPos2 = navigationModule.getGoalPosition(); // goal position
double angle2 = getAngle(newPos2, position); // angle
if (isInQueue()) {
Collection<PhysicalObject> closeObjects =
Utilities.getMapComponentsInNeighborhood(position, 10,
map . getMapComponents (PhysicalObject.class));
// Observe other agents.
Collection<Passenger> agents = observations.getObservation(Passenger.class);
for (Passenger other : agents) {
if (other.isQueuing()) {
if (lother.getPosition().equals(movement.getPosition())) {
// within range
if (other.getPosition() .distanceTo(position) < ((Passenger)
agent) .getQueueStopDistance()) {
// if other agent is in field of view/walking direction
if ((inRange(getAngle(other.getPosition(), position), angle2, 45 / 2))) {
// if other agents is not obstructed by physical object
if (!Utilities.isLineCollision(position, other.getPosition(),
closeObjects)) {
// then put agent in queing mode
return true;
i33333 9,

return false;}
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Figure 1.1: The UML class diagram of AATOM. The shaded blocks are the extensions made to the baseline AATOM. Based on [39]
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Figure 1.2: The UML class diagram of AATOM. The attirbutes and operators shaded in bold are the extensions made to the baseline
AATOM. Based on [39]






Results Elaboration

2.1. Boxplots

In this section the results of the three case studies are presented in boxplot format. On each box, the central
red mark indicates the median, and the bottom and top edges of the box indicate the 25th and 75th per-
centiles. The whiskers extend to the most extreme data points (not considering the outliers). The outliers are
plotted individually using the red '+’ symbol. The results of the check-in case study are presented in Section
2.1.1. The results of the security case study are presented in Section 2.1.2. The results of the boarding case
study are presented in Section 2.1.3.

2.1.1. Check-in case study
These are the boxplots of the check-in case study.
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2.1.2. Security case study
These are the boxplots of the security case study.
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2.1.3. Boarding case study

These are the boxplots of the boarding case study.
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2.2. Coefficient of Variation
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The coefficient of variation plot was used in order to determine the number of simulations needed to have
statistically significant results for the three case studies, as suggested by Lorscheid [44].

For scenario with a certain number of simulation runs, the mean of the output i(0) and the standard devi-
ation of the output o (0) were computed. The coefficient of variation is then defined as stated in Equation 2.1.

_ o)
- o(0)

(2.1)

The values of ¢, were then plotted against the number of simulation runs for every scenario. The coeffi-
cient of variation plots are shown in figures 2.9 to 2.54.

In Figure 2.10 one can see that the coefficient of variation already stabilizes after 100 simulation runs
while in Figure 2.21 coefficient of variation stabilizes after 250 simulation runs. To have a safety margin, 450
simulations were performed for every scenario to have statistically significant results for every metric.

In Section 2.2.1 the coefficient of variation plots for the check-in case study are presented. In Section 2.4.2
the coefficient of variation plots for the security case study are presented. In Section 2.4.3 the coefficient of
variation plots for the boarding case study are presented.

2.2.1. Check-in case study

In this section the coefficient of variation plots of the check-in case study are presented.
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2.2.2. Security case study
In this section the coefficient of variation plots of the security case study are presented.

Aanalyzer:

close (1.5 meters)

005

0025

o015

cosffiient of variation

001 -

0005 -

Figure 2.24: Coefficient of Variation for

150

)
Number of simulations

Metric 3 of scenario 1

00

50

o Aanalyzer: close (1.5 meters)
B oo ]
|
2 oo
H
o00s - 1
0
o s w0 m w0 wo w0

Figure 2.27: Coefficient of Variation for

Number of simulations

Metric 3 of scenario 2

Aanalyzer:

close (1.5 meters)

50

002

coaffcient of variation

o015 -

001+

0005

Figure 2.30: Coefficient of Variation for

150

0 a0
Number of simulations

Metric 3 of scenario 3

‘M
oo 11

cosfficient of variation

Figure 2.33: Coefficient of Variation for

50

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

100

150

00 20 s 80
Number of simulations

Metric 3 of scenario 4

00

00

50

450

0025

coefficient of variation

0005

‘Aanalyzer: #SUM-UP passengers too close (1.5 meters)

0 10 200 20 w00 %0 40 450
Number of simulations.

Figure 2.25: Coefficient of Variation for
Metric 2 of scenario 1

‘coeffcient of variation

o008

0004

o002

1‘\{' |

‘Aanalyzer: #SUM-UP passengers too close (1.5 meters)

10 10 20 250 w00 s 40 450
Number of simulations.

Figure 2.28: Coefficient of Variation for
Metric 2 of scenario 2

osfificient of variation

Figure 2.31:

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

100 10 20 20 w0 %50 400 450
Number of simulations

Coefficient of Variation for

Metric 2 of scenario 3

osfiicient of variation

Aanalyzer: #SUM-L (1.5 meters)

50

W0 150 20 20 s 30 40 450
Number of simulations

Figure 2.34: Coefficient of Variation for
Metric 2 of scenario 4

cosffilent of variation

0035

0025

oot

o015

oo

0005

Aanalyzer:

50

10 150 20 250 500
Number of simulations

w0 w0 40

Figure 2.26: Coefficient of Variation for
Metric 1 of scenario 1

Figure

Aanalyzer: Passengers passed security

coaffcient of variation

50

00 150 200 20 00
Number of simulations

w0 w0 40

2.29: Coefficient of Variation for
Metric 1 of scenario 2

Aanalyzer: Passengers passed security

50

00 150 200 20 00
Number of simulations

w0 w0 40

Figure 2.32: Coefficient of Variation for
Metric 1 of scenario 3

cosffcient of variation

Aanalyzer:

00 150 200 20 300
Number of simulations

s 40 40

Figure 2.35: Coefficient of Variation for
Metric 1 of scenario 4



2.2. Coefficient of Variation

79

cosfficient of variation

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

Number of simulations

Figure 2.36: Coefficient of Variation for

Metric 3 of scenario 5

Aanalyzer: #SUM-

00

close (1.5 meters)

coaffcient of variation

] s 10 150
Number of simulations

Figure 2.39: Coefficient of Variation for

Metric 3 of scenario 6

cosfficient of variation

500

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

00

50

Number of simulations

Figure 2.42: Coefficient of Variation for

Metric 3 of scenario 7

00

1 '

08 ‘

cosfficient of variation

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

0s
0
02
o
.
Nuberof st
Figure 2.37: Coefficient of Variation for

Metric 2 of scenario 5

012 .

cosfficient of variation

‘Aanalyzer: #SUM-UP passengers too close (1.5 meters)

a0

Number of simulations

Figure 2.40: Coefficient of Variation for

Metric 2 of scenario 6

025 '

cosfficient of variation

005

300

350

Aanalyzer: #SUM-UP passengers too close (1.5 meters)

a0

0

o s 0 w0 e
Number of simulations

Figure 2.43: Coefficient of Variation for

Metric 2 of scenario 7

00

a0

a0

a0

Aanalyzer: Passengers passed securty

os {
|
ot {
g
2 |l
oa|
802
0 s e W we  me  wo  m0 4w
N o iitons
Figure 2.38: Coefficient of Variation
Metric 1 of scenario 5
008 . | Aanalyzer: Passengers passed security \
I
oos || {
] — :
004 .
g |
Som i
0z ]
o
e w0 m m W w w0 &

Number of simulations

Figure 2.41:
Metric 1 of scenario 6

o8 ) | Aanalyzer: Passengers passed securlty

cosfficient of variation

for

Coefficient of Variation for

o
o 1
% s o w0 w0 a0 a0 w0 a0 40
oo imitons
Figure 2.44: Coefficient of Variation for

Metric 1 of scenario 7



80

2. Results Elaboration

2.2.3. Boarding case study

In this section the coefficient of variation plots of the boarding case study are presented.
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2.3. Vargha and Delaney A-Test

This section discusses the results of the Vargha and Delaney A;» Test [73] [5]. The A;»-Testis a non-parametric
test and it serves to see how similar two models are. It gives the probability (represented by a value between 0
and 1) that arandom output of model 1 is higher then a random output of model 2. A value of A}, = 0.7 means
that in we would obtain higher results 70 percent of the time with model 1. If the two models are equivalent,
then A is equal to 0.5. The A, is computed with Equation 2.2.

Ap=@Ri/m-(m+1)/2)/n (2.2)

where R; is the ranksum of the first data group. The ranksum is equivalent to a Mann-Whitney U-test and
returns the p-value of a two-sided Wilcoxon rank sum test. m is the data size of model 1 and n is the data size
of model 2.

These values of A;» can be interpreted as follows:

* Values of 0.5 indicate that the medians are the same.

* Values of 1 and 0 mean that there is no similarity at all.
* Values up to 0.56 indicate a small difference

* Values up to 0.64 indicate a medium difference

* Values over 0.71 indicate large differences

* The same intervals apply below 0.5
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The A;2-Test is performed for every metric of all three case studies. Each scenario can be considered as a
Model.

2.3.1. Check-in case study
In this section the results of the A;»-Tests for the check-in case study are presented.

Table 2.1 shows the results for the Throughput metric. Scenario 1 gave in 62 percent of the times a lower
throughput than scenario 2. Scenario 3,4 and 5 always returned a higher throughput than scenario 1 and
2. Scenario 3 and 4 are quite similar because their value is close to 0.5. Scenario 5 always returned a higher
throughput than scenario 3 and 4.

Table 2.1: Vargha and Delaney A;2 Check-in Throughput T¢

Scenario 1l | Scenario2 | Scenario3 | Scenario4 | Scenario 5
Scenariol | 0.5 0.62 1 1 1
Scenario 2 | 0.38 0.5 1 1 1
Scenario3 | 0 0 0.5 0.6 0
Scenario4 | 0 0 0.4 0.5 0
Scenario5 | 0 0 1 1 0.5

Table 2.2 shows the results for the average time a passenger was in contact at check-in. It can be seen that
the average contact time per passenger at the check-in for scenario 5 was always lower than for scenario 1.

Table 2.2: Vargha and Delaney A;, Check-in Average Contact Time Per Passenger at check-in Cpax,. [,

Scenario 1l | Scenario2 | Scenario3 | Scenario4 | Scenario 5
Scenariol | 0.5 0.79 0.52 0.76 1
Scenario 2 | 0.21 0.5 0.22 0.45 1
Scenario 3 | 0.48 0.78 0.5 0.75 1
Scenario 4 | 0.24 0.55 0.25 0.5 1
Scenario5 | 0 0 0 0 0.5

Table 2.3 shows the results for the average time a passenger was in contact at queue (Cpaxgg)- These values

are in line whit the results which are presented in Section 2.1.

Table 2.3: Vargha and Delaney A;» Check-in Average Contact Time Per Passenger in queue Cpq xco

Scenariol | Scenario2 | Scenario3 | Scenario4 | Scenario 5
Scenariol | 0.5 1 0 1 1
Scenario2 | 0 0.5 0 0 1
Scenario3 | 1 1 0.5 1 1
Scenario4 | 0 1 0 0.5 1
Scenario5 | 0 0 0 0 0.5

2.3.2. Security case study

In this section the results of the A;,-Tests for the security case study are presented.

Table 2.4 shows the results for the throughput metric. All values in the lower triangle of this table are equal or
close to 0. This means that the throughput decreases with each scenario. However, scenario 2 and scenario 3
have the same throughput because here A;» equals 0.5.
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Table 2.4: Vargha and Delaney A;» Security Throughput T
Scenario 1 | Scenario2 | Scenario3 | Scenario4 | Scenario5 | Scenario 6 | Scenario 7

Scenariol | 0.5 0.99 0.99 1 1 1 1

Scenario2 | 0.01 0.5 0.5 1 1 1 1

Scenario 3 | 0.01 0.5 0.5 1 1 1 1

Scenario4 | 0 0 0 0.5 0.7 0.99 1

Scenario5 | 0 0 0 0.3 0.5 0.94 0.98

Scenario6 | 0 0 0 0.01 0.06 0.5 1

Scenario7 | 0 0 0 0 0.02 0 0.5

Table 2.5 shows the results for the average time a passenger was in contact at the security lane (Cpqyx,, ). Here
again almost all values in the lower triangle of this table are equal or close to 0. This means that the Cpgx,
decreases with each scenario. However the Cpaxg, for scenario 2 and 3 are higher than for scenario 1. Scenario
2 and 3 are quite similar terms of Cpaxg, because they have A, value close to 0.5. Lastly, scenario 5 had for
99 percent a higher Cp 4y, than scenario 4.

Table 2.5: Vargha and Delaney A Security Average Contact Time at Security Lane Cpaxg;

Scenario 1 | Scenario2 | Scenario3 | Scenario4 | Scenario5 | Scenario 6 | Scenario 7

Scenariol | 0.5 0.04 0.05 1 0.88 1 1
Scenario 2 | 0.96 0.5 0.54 1 0.99 1 1

Scenario 3 | 0.95 0.46 0.5 1 0.99 1 1
Scenario4 | 0 0 0 0.5 0.01 1 1
Scenario5 | 0.11 0 0.01 0.99 0.5 0.99 0.99
Scenario6 | 0 0 0 0 0 0.5 1
Scenario7 | 0 0 0 0 0 0 0.5

Table 2.6 shows the results for the average time a passenger was in contact in the queue (CpaxSQ)' The

values all make sense and they are in line with the results presented in Section 2.1.

Table 2.6: Vargha and Delaney Ay Security Average Contact Time in Queue Cpqx 50

Scenario 1 | Scenario2 | Scenario3 | Scenario4 | Scenario5 | Scenario 6 | Scenario 7

Scenariol | 0.5 0.01 1 0.94 0.82 0.22 0
Scenario 2 | 0.99 0.5 1 0.99 0.94 0.78 0
Scenario3 | 0 0 0.5 0.01 0 0 0
Scenario 4 | 0.06 0.01 0.99 0.5 0.31 0.03 0
Scenario5 | 0.18 0.06 1 0.69 0.5 0.12 0.02
Scenario6 | 0.78 0.22 1 0.97 0.88 0.5 0
Scenario7 | 1 1 1 1 0.98 1 0.5

2.3.3. Boarding case study

In this section the results of the A;,-Tests for the boarding case study are presented. Table 2.7 shows the
results for the time to board 50 passengers. All values in the lower triangle of this table are equal to 1. This
means that the time to board 50 passengers increases with each scenario. The same phenomena can be
observed for the contact time in Table 2.8. Almost all values in the lower triangle of this table are equal to 0.
This means that the contact time decreases with each scenario. Only if we compare scenario 3 to scenario 4
it can be observed that for 81 percent we would have a higher contact time in scenario 4.
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Table 2.7: Vargha and Delaney A;-Test for Time To Board 50 passengers T

Scenario 1 | Scenario2 | Scenario3 | Scenario4 | Scenario 5
Scenariol | 0.5 0 0 0 0
Scenario2 | 1 0.5 0 0 0
Scenario3 | 1 1 0.5 0 0
Scenario4 | 1 1 1 0.5 0
Scenario5 | 1 1 1 1 0.5

Table 2.8: Vargha and Delaney A, Boarding Average Contact Time Cpqx

Scenario 1 | Scenario 2 | Scenario3 | Scenario4 | Scenario 5
Scenariol | 0.5 1 1 1 1
Scenario2 | 0 0.5 1 1 1
Scenario3 | 0 0 0.5 0.19 1
Scenario4 | 0 0 0.81 0.5 1
Scenario5 | 0 0 0 0 0.5

2.4. Coefficient of Correlation and P-Values

This section discusses the results for the correlation coefficient and P-value tables.
The correlation coefficient is a measure of the strength and the direction of the linear relationship between
the two variables A and B. The correlation coefficient is calculated using Equation 2.3, from [46].

COV (A, B)
OA0B

PAB= (2.3)

In Equation 2.3, COV(X,Y) is the covariance between the parameter A and parameter B. 0 4 is the stan-
dard deviation of parameter A and o'y is the standard deviation parameter B. When p4 g = 1.0 then there is a
perfect positive relationship between parameter A and parameter B. A value of -1.0 means there is a perfect
negative relationship. If the correlation is 0, then the two parameters are not related.

Since each case study had different input parameters and output metrics, a matrix of correlation coef-
ficients for each pairwise parameter combination is used. Below a general representation of a correlation
coefficient matrix with N different parameter combinations is shown.

PAB PAC PAN
PBA PBC PB,N
PN,A PN,B PN,N

In Section 2.4.1, 2.4.2 and 2.4.3 the results of the correlation coefficients for each case study are given. Also for
each correlation coefficient the associated p-value is given. The general rule of thumb is that the hypothesis
of "two variables not being correlated" can be rejected if the absolute value of p is greater than 0.4 and p-value
is below 0.05.

2.4.1. Check-in case study

Table 2.9 presents the correlation coefficients between the parameters of the check-in case study. For this
case study the inputs to the model were physical distancing PD, time to check-in (#;;) and queue type QT.
The outputs were throughput T¢ [pax/h], average contact time per passenger at check-in Cpqy,.,, [min:sec]
and in the queue Cpgyx,, o [min:sec]. The correlation between inputs are not relevant and therefore they are
represented with a "-".

From Table 2.9 it can be observed that physical distancing PD has the strongest negative relationship on
the Cpax,,, With a coefficient of variation of -0.9. Physical distancing PD does have a weak correlation with
the throughput T¢ of only -0.11. The time to check-in z; has a very strong negative relationship with the
throughput T¢ with a correlation coefficient of -0.99. The correlation between t.; and Cpach is weaker than
the correlation between #.; and Cpax,.,- The queue type QT has a strong positive correlation with the Cpax,.,
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and Cpay,, o and a weaker positive correlation with the throughput T¢. This confirms the fact that a single
queues make the passenger flow more efficient resulting in higher throughput and less contacts between
passengers.

From Table 2.10 it can be seen that he associated p-values for all correlation coefficients are all smaller
than 0.05. This means that the results are deemed statistically significant.

Table 2.9: Correlation Coefficient for Check-in Case Study

PD lei QT Tc CpaxCD CpaxCQ
PD - - - -0.11 | -047 | -0.9
lei - - - -0.99 | 0.72 0.25
QT - - - 0.24 | -0.86 -0.74
Tc -0.11 | -0.99 | 0.24 - - -
Cpaxey | 047 | 0.72 | -0.86 | - - 5
CWXCQ -0.9 0.25 -0.74 | - - -

Table 2.10: P-values for Check-in Case Study

PD [ % | QT | Tc | Cpaxp | Cpaxcg
PD - 0 |0 0
fe - 1- To o 0
QT - - 1- To o 0
Tc 0 |00 |- |- -
Cpaxcpy |0 |0 |0 - -
Cpaxeg |0 |0 [0 [- |- -

2.4.2. Security case study

Table 2.11 presents the correlation coefficients between the parameters of the security case study. For this
case study the inputs to the model were physical distancing (P D), number of divest (n4) positions, number
of collect positions (n.), drop time (¢;) and collect time (z;). The outputs were throughput [pax/h], aver-
age contact time per passenger at security lane (CPﬂst) [min:sec] and in the queue (Clﬂflxso) [min:sec]. The
correlation between inputs are not relevant and therefore they are represented with a "-".

From Table 2.11 it can be observed that physical distancing PD has a negative correlation with the Cpay,
and the Cpast. This confirms that physical distancing PD reduces the Cpaxg, and the Cpaxsg- The number
of divest positions n; and the number of collect positions n, have both a strong positive correlation with
throughput Ts and Cpax, - The divest 74 and collect ¢, time have both a negative correlation on the through-
put Ts while they have a positive correlation with the Cp gy, and Cpaxg o

From Table 2.12 it can be seen that he associated p-values for all correlation coefficients are all smaller
than 0.05. This means that the results are deemed statistically significant.

Table 2.11: Correlation Coefficient for Security Case Study

PD ng ne la Ic Ts CpaxSL Cpast
PD N - - ; - -0.18 | -0.66 | -0.64
ng _ - - - - 087 | 09 0.18
e - - - - - 0.91 0.76 0.22
ty - - - - - -0.51 | 0.42 0.39
t - - - - - -0.51 | 0.42 0.39
Ts -0.18 | 0.87 | 0.91 | -0.51 | -0.51 | - - -

Cpaxg, | -0.66 | 0.9 0.76 | 0.42 | 0.42 - - -
CPWCSQ -0.64 | 0.18 | 0.22 | 0.39 | 0.39 - - -
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Table 2.12: P-values for Security Case Study

PD | ng | ne | ta | tc | Ts | Cpaxg CV‘”‘SQ

PD - - - - - |0 0 0
ng - - - - - 0 0 0
ne - - - - - 0 0 0
ty - - - - - 0 0 0
te - - - - - 0 0 0
Ts 0 0 0 0 |0 |- - -
Cpaxg | 0 0 0 0 |0 |-

Cpaxsq 0 0 0 0 |0 |- - -

2.4.3. Boarding case study
Table 2.13 presents the correlation coefficients between the parameters of the boarding case study. For this
case study the inputs to the model were physical distancing (P D), boarding group size (GS) and the board-
ing pass check time (#;.). The outputs were time to board 50 passengers (Tp) and average contact time per
passenger (Cpax). The correlation between inputs are not relevant and therefore they are represented with a
From Table 2.13 it can be seen that physical distancing PD has a positive correlation with the boarding
time Tp. Physical distancing (PD) means that the passengers take more time to organise which results in a
higher total boarding time (7). Physical distancing (PD) has a strong negative correlation with the Cpqy.
The group size (GS) has a strong negative correlation with the Tp while it has a strong positive correlation
with the Cjy. Lastly the #;,. has a strong positive correlation with the Tp and the Cp4y.
From Table 2.14 it can be seen that he associated p-values for all correlation coefficients are all smaller
than 0.05. This means that the results are deemed statistically significant.

Table 2.13: Correlation Coefficient for Boarding Case Study

PD GS the Tg Cpax

PD | - - - 0.61 | -0.87
GS |- - - 0.8 | 09
e | - - - 0.87 | 0.6

Tg | 061 | -0.8 | 0.87 | - -
Cpax | 087 [ 0.9 | 06 | - -

Table 2.14: P-values for Boarding Case Study

PD | GS | tye | T | Cpax

PD | - - [- To [o
GS | - - - To o
e | - - [- To [o

Ts |0 |0 |0
Cpax |0 |0 O |- |-

2.5. Heatmaps

This section presents the heatmaps of the passenger contacts for every scenario and every case study. In this
section, a passenger contact is referred to as a passenger agent that is located closer than 1.5 meter to one or
more passenger agent(s). The heatmaps do not take into account the type of contact, thus they do not take
into account the passenger orientation into account. Section 2.5.1 presents the heatmaps of the check-in
case study. Section 2.5.2 presents the heatmaps of the security study. Section 2.5.3 presents the heatmaps of
the boarding case study.

2.5.1. Check-in case study

In this section the heatmaps of the check-in case study are presented.
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The heatmaps of scenario 1 and scenario 3 are shown in Figure 2.55 and in Figure 2.57. In these two sce-
narios physical distancing was not implemented. The heatmaps of both scenarios look similar. The blue dots
are located relatively close to each other. These blue dots represent the locations where most contacts hap-
pen. In scenario 2 and 4, physical distancing was implemented. The heatmaps of scenario 2 and 4 presented
in Figure 2.56 and in Figure 2.58. One can see that still most of the contacts are happening in the queue. But
not they are located at the corners of the queue. In scneario 5, a different queue type was implemented. One
can see the heatmap of this scenario in Figure 2.59. Also here one can see that most of the contacts are still
happening in the queue.

Figure 2.55: Heatmap scenario 1 Figure 2.56: Heatmap scenario 2 Figure 2.57: Heatmap scenario 3

Figure 2.58: Heatmap scenario 4 Figure 2.59: Heatmap scenario 5

2.5.2. Security case study
In this section the heatmaps of the security case study are presented.

Figure 2.60 and Figure 2.61 show the heatmaps of scenario 1 and scneario 2. In both scenarios no physical
distancing was implemented. The only difference was the time to collect and the time to divest. No difference
between these two heatmaps can be observed. Most of the contacts happen in the queue and at the divest
and collect positions. The contacts in the queue are evenly and closely spaced from each other. Figure 2.62
shows the heatmap of scenario 3. In scenario 3, physical distancing was implemented. One can observe here
that most contacts happen in the luggage divest and luggage collect area of the security. Figure 2.63 shows the
heatmap for scenario 4. In this scenario only 2 luggage divest position instead of 3 per lane were simulated.
One can see that there are no contacts happening anymore in this area. In scenario 5, the same was done for
the luggage collect area. From Figure 2.64 one can see that again there are no contacts happening anymore
in the luggage collect area. Lastly, Figure 2.65 shows the heatmap for scenario 7. In this scenario, only one
luggage divest and one luggage collect position per lane was implemented. One can observe that no there
are no contacts happening anymore at the security lanes. However, there are still contacts happening in the
queue.

Figure 2.60: Heatmap scenario 1 Figure 2.61: Heatmap scenario 2 Figure 2.62: Heatmap scenario 3
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Figure 2.63: Heatmap scenario 4 Figure 2.64: Heatmap scenario 5 Figure 2.65: Heatmap scenario 7

2.5.3. Boarding case study

In this section the heatmaps of the boarding case study are presented. Figure 2.66 shows the heatmap for sce-
nario 1. In this scenario, no physical distancing was implemented and passengers were boarding in groups
of 10. Figure 2.67 shows the heatmap for scenario 2. In this scenario no physical distancing was imple-
mented but passengers were boarding in groups of 5. If we compare both heatmaps, then one can observe
in Figure 2.66 that the locations of the contacts are spread over the whole queue. In Figure 2.67 contacts are
happening at the end of the queue. The reason is because in scenario 2, the boarding group size is smaller
than in scenario 1. Figure 2.68 and Figure 2.69 shows the heatmaps of scenario 3 and scenario 4. In these two
scenarios physical distancing was implemented but in scenario 4 a higher BTCT was implemented. However,
one can not observe a difference in the heatmaps. Both look the same. If we compare this heatmap with the
one from scenario 1, one can observe that for scenario 3 and 4 more contacts happen at the beginning of
the queue. This is probably because the passenger agents need to organise themselves before entering the
queue. For scenario 5, no heatmap was made because in this scenario no contacts happened.

Figure 2.66: Heatmap scenario 1 Figure 2.67: Heatmap scenario 2

Figure 2.68: Heatmap scenario 3 Figure 2.69: Heatmap scenario 4
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