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Abstract: Need for airports to improve capacity by optimizing spaces and the need for airline carriers to bring down their operational 
costs creates the opportunity of increasing the use of self-service technologies at the passenger check-in process. Developments 
such as kiosks alongside automatic baggage drop-off are gaining ground in the short-term. While self-service technologies promise 
to offer flexibility not only to the user but also to the airport planer, short-term developments must be approached according to 
technological advances and the airports’ masterplan. Simulation is used to test certain scenarios and adopt the most valuable solution. 
Models of pedestrian movement and pedestrian flows have been used in simulation for years. Most treat the agent as an individual 
agent that does not fully interact with the environment. Several models and simulation tools exist to study flows of people inside 
complex areas, but the focus is only in one behavior of the pedestrian: the navigation. Passengers’ profiles affect how they interact 
with the environment, especially when presented with self-service solutions. Develop an agent-based model to represent and assess 
how distinct passengers’ profiles affect check-in area service level in terms of quality and efficiency when more recent check-in 
solutions are introduced is the objective of this research. The model can better reproduce the pedestrian inside the airport by 
representing interactions between agent and environment. The model is applied to Lisbon Humberto Delgado’s airport departure hall 
concluding automated airport check-in affects positively the terminal’s performance by reducing in half queue waiting times.  
Keywords: Airport; Check-in; Self-service; Baggage drop-off; Modeling; Interactions; Agent-based model;  
 

1 Introduction 

When air transportation becomes the fastest way to 
travel in a globalization era, airports become essential to 
provide transfer form ground-to-air and vice-versa. Air 
transportation volume keeps growing each day, resulting 
in more airplanes, newer routes and more air 
passengers. Adding the fact that airlines are struggling to 
thrive in the market and some are even adopting different 
operational standards, it increases the entropy and the 
requirements for every player of air transportation. 
Airports are the most important link for an air passenger, 
and with the intention to reduce operational costs, 
maintain level of service and adapt to airlines operational 
rules and requirements, data analysis should be 
conducted. 

Analysis of real case scenarios have been made 
over the years among air transport industry, especially 
inside airports, usually to improve service quality or to 
test new scenarios. However, studies concerning the 
system itself rather than what is in that system – the 
pedestrian – do not create accurate representation of the 
reality. Digitalization, smart systems and the decrease 
cost of computing power boosted air transportation to 
follow the trend of self-service with online and 
smartphone apps technologies. All these improvements 
have one thing in common, the intention to fulfill 
passenger needs while improving efficiency and reducing 
operational costs. 

The question is how distinct acceptances, created 
by different passengers’ profiles, could affect the 
performance of the Terminal by introduction of fully 
automated counters. The check-in which remains an 
important process on the landside area is undergoing 
several technological upgrades becoming more and 
more automated.  

Impulsive actions are a universal phenomenon 
among pedestrians. Literature shows that in airports 
almost 50% of the activities are unplanned [1] with 60% 
of passengers being impulsive buyers [2]. These 
impulsive actions result from observing the environment 
(e.g. a store, a sign or a new check-in solution) and 
determine activation to perform a new action. 

Represent and assess how different passengers’ 
profiles, with different perceptions, could affect check-in 
area service level in terms of quality and efficiency when 
more recent check-in solutions are introduced is the 
focus of this research. Distinct types of passengers have 
their own travel style and mindset. When newer 
consumer technologies are added to the traditional 
channels, different traveler profiles customize their 
journey with a mix of options available to them.  

Several models and simulation tools exist to study 
flows of people inside complex areas, but the focus is 
only in one behavior of the pedestrian: the navigation. In 
airports, one can always perceive the following scenes: a 
passenger inside the Terminal, while moving to the 
check-in area stopping to drink a coffee, a passenger 
looking for a shop and entering; and a passenger seeing 
a kiosk and performing check-in there. An agent-based 
model will be developed so that several passengers’ 
profiles are introduced and interactions with the 
environment are possible. Activation is what determines 
if a passenger has an impulse behavior or not. In the end, 
several activation rates for the automated bag-drop 
solution will be tested for different passengers’ profiles. 

2 Literature review 

2.1 Passengers 
Passenger segmentation is needed since airports 

are used for several purposes and as Pantouvakis [3] 
remarks “the measurement of service quality and 
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satisfaction issues should not treat (…) invariantly people 
of different populations”. According to Félix [4] and 
Kalakou [1] the categories are: (1) role of the airport; (2) 
trip destination; (3) trip purpose; (4) holding baggage or 
not; (5) flight type; and (5) group size. Group dynamics 
won’t be addressed in this paper. 

Passengers vary in socio-demographic factors, and 
may perceive technologies differently. Therefore, 
passengers use the Terminal differently. First, younger 
passengers are in favor of the use of self-service 
technologies and against traditional solutions. This young 
generation propensity to use self-service technologies is 
shown in Castillo-Manzano & López-Valpuesta [5]. 
Young generations spend most of their free time on their 
computers and mobiles. Modern technologies are 
essential tools of communication and information 
gathering for this generation. It is suggested young 
generations seem to embrace technology first [6]. Also, 
other findings indicate older people prefer human touch 
for airside processes [7].  

Passengers who use their smartphones require 
less printed documents (tickets, boarding passes and 
luggage tags) and have more digital interaction. With the 
rapid advances in technology and the development of 
smartphones passengers adopt newer and distinct travel 
habits [8]. 

SITA Passenger IT trends [9] acknowledge distinct 
types of passenger dividing them into four profiles: (1) 
Careful planner; (2) Hyper connected; (3) Pampered; and 
(4). 

2.2 Check-in 
Check-in is a mandatory sub-process within the 

passenger departure process and it is crucial for the 
Terminal operations. The check-in is the process where 
the passenger has the ability to make a reservation on a 
specific seat of the airplane and deliver (or not) his 
baggage. Traditionally, check-in is provided on a counter 
by an employee who confirms passenger’s information 
(ticket and I.D) and receives the baggage. The baggage 
is then checked for all the requirements (weight and size) 
and tagged properly. It is a service that can be provided 
by the airport, the airline or by a third-party handler [10]. 
Airports and airlines want to provide smooth check-in 
operation and ensure a high-quality check-in service for 
passengers. From the passengers’ perspective, check-in 
is related to the negative perception of waiting [11]. The 
introduction of electronic ticketing and self-service check-
in procedures has revolutionized the airport facilities [12]. 
Currently the trend is to use self-service technologies 
(SST). Statistic shows SSTs are thriving on airport 
Terminals and enable a more efficient Terminal when 
used in airports [9].  

Check-in process has been subject to several 
changes not in terms of the activities but in terms of 
where and how the passenger performs them. Kalakou 
[1] suggests the division of the check-in in two sub-
processes: check-in and baggage processing since it’s 
not mandatory to complete baggage processing and 
there’s the possibility to go over the two sub-processes in 
distinct places at different times. The check-in process 
can be achieved by many different check-in solutions. 
The solutions are divided into 4 main categories (Table 

2.1): (1) traditional counter; (2) Drop-Off counter; (3) 
kiosk; and (4) online. 

Table 2.1 - Activity provided by each check-in solution. 
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Seat assignment X  X X 
Optional Amenities X  X X 
Issue Boarding-pass X  X X 
Check Baggage 
requirements 

X X   

Print baggage tag X X X X* 
Dispatch baggage X X   

Since 2012, advances in self-service check-in 
made it possible to print the boarding pass before arriving 
to the airport resulting in a reduction in the number of 
counters and airline agents required. Low-cost airlines 
were the first ones to force passengers to use this check-
in solution [1]. With the use of smartphones and internet 
- remote methods; it reduced even more the check-in 
costs for the airlines. However, these remote self-service 
methods create concern due to its inability to deal with 
the baggage processing. As Hsu et al. [13] suggests: 
even if the passenger has already a printed boarding 
pass but has to dispatch luggage, a counter is still 
needed. 

Drop-off counters, home-printed bag tags and 
reusable electronic bag tags are becoming more and 
more available and are continuously offered by many 
airlines. Solutions used to improve baggage processing 
in the Terminal. Home-printed bag tags are to be printed 
at the same time as the boarding pass is. By 2018 more 
than ¾ of carriers intend to offer this service [14]. 
Reusable electronic bag-tags are based on RFID 
technology which is easily read and enables the 
information to be reprogramed into the chip. 

2.3 Modeling for pedestrians 
Simulation models replicate the system processes 

as functions of time using mathematical, logical or 
numerical models. Simulations are designed to run the 
model and predict a certain system behavior by 
estimating the changes in systems over time. The 
primary advantage of simulation is to present a good 
representation of a complex system in order to evaluate 
real-world system behavior and to monitor operational 
performance without the need to physically create the 
system [12].  

Traditional modelling approaches were mainly 
proposed to address one specific issue. New pedestrian 
models have the tendency to combine multiple traditional 
modelling approaches [15]. Some of these models 
involve agent-based modeling, reflecting the interest in 
multi-agent models. This type of model captures the 
decision making at the agent level thus creating a more 
realistic expression of pedestrian behavior. 

Decision-making process of passengers making 
their way through the airport Terminal environment is part 
of pedestrian behavior. The surrounding environment 
and the system -where the passenger presents as the 
main agent; involves plenty of uncertain factors which 
have impact on passengers’ activities. Walking behavior 
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may change with distinct categories of passengers. 
Passengers behave differently in both spatial and 
temporal aspects according to the purpose of the action, 
the time of the day, the health and fitness condition, the 
surrounding people, the gender, the age, the culture, how 
well the passenger is familiarized with the airport, the 
effectiveness of the wayfinding guidelines provided and 
the building environment [16]. Each passenger has its 
own traits (e.g. age, gender beliefs, needs, perceptions, 
etc.) that influence his behavior in terms of activity choice 
and walking characteristics. Also, interactions with the 
environment play a major role in terms of the pedestrian 
choice behavior. 

Passenger target and route choices within an 
airport Terminal are conceptualized as passengers 
arriving at an entry point and being faced with the 
problem of choosing from several possible destinations. 
Route choice itself is explained as a result of a decision-
making process through which passengers integrate their 
utilities. Passengers evaluate each set of choice 
alternatives with their set of attributes relevant to their 
decision-making task and chose the alternative with 
optimal outcomes [16]. As an example of activity choice, 
the passenger could proceed directly to the check-in or 
decide to linger around shops at the Terminal.  
Interactions 

Interactions between pedestrians and the 
surroundings, both other pedestrians or the environment, 
are as important as other aspects when analyzing their 
behavior. Interactions contemplate the complex 
organization of crowds including principles of 
density/velocity behavior, group dynamics, 
leader/follower behavior and collision avoidance 
behavior and the interactions with the environment which 
enables the pedestrian to be attracted or repulsed by 
objects within its visual field [17]. 

While pedestrians are walking, several scene 
elements emerge, creating the need of interaction 
between them. Scene elements are physical objects such 
as cars, shops, obstacles, walls, signaling, etc. 
Interaction can only occur with an object in the pedestrian 
range. These interactions need to be distinguished 
between what elements influence the behavior and how 
[17]. Dijkstra et al. [18] distinguishes activities as 
impulsive and non-impulsive. Impulsive activities result 
from an interaction with the environment according to a 
framework (Figure 2.1). Perceiving the environment may 
include actions such as slowing down to have a higher 
degree of perception, stopping in front of an object to 
have better insights or simply ignore it. 

 

Figure 2.1 – Non-impulsive behavior[18]. 

Bierlaire & Robin [17] suggests interaction with 
other elements, not only pedestrians, should be included 
on the choice of the next step in order to best replicate 
the walking behavior. The same author explains 
pedestrians usually anticipate interactions by slowing 
down or adjusting their walking direction. Many objects 
present inside an airport Terminal create interactions 
between the pedestrian, in this case the passenger, and 
the object itself. Signaling, different types of stores and 
different types of facilities create many opportunities for 
interactions [16]. 

3 Developing Agent-based model 
In an agent-based model (ABM), three key 

elements need to be identified and modelled (Figure 3.1): 
agents, agent’s environment and both interactions 
between agents and between agents and the 
environment [19]. The model attempts to best describe 
the agents in an airport’s environment.  

To best represent passengers’ Terminal activities 
framework, there should be an evaluation of all possible 
alternatives for the pedestrian to reach security and then 
proceed to articulate them. Aeronautical processes are 
the main purpose of using the Terminal. The check-in 
process is the only aeronautical process on the landside 
Terminal area therefore there should be a good 
representation of it. 

 

Figure 3.1 – Agent-Based schematic[19]. 

Nonetheless, discretionary activities (DA) can be 
included in the passenger’s agenda to fulfill other needs 
and present one crucial source of non-aeronautical 
revenues to the airport. Discretionary activities must be 
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included in the diagram to better represent the passenger 
activity set. 

3.1 Agent 
Each airport passenger has their own personal 

characteristics which lead to different behavior and 
activity choices while inside the Terminal. Basic traits are 
social-economic related factors (e.g. age, gender, level 
of education and economic situation) and advanced 
characteristics as psychological related factors (e.g. 
eagerness to shop, comfort with technology and 
willingness to ask for help). To develop an ABM these 
factors need to be considered. Due to limited research on 
how basic traits influence advanced characteristics, the 
data used in the model is according to Ma [16] which used 
a Bayesian network to build his model. Ma [16] set of 
rules have some sort of limitations: (1) little calibrated; 
and (2) lack of plausible influence factors i.e. missing 
some sort of economic influence on eagerness to shop. 

 

Figure 3.2 – Passengers’ characteristics [16]. 

Eagerness to shop, level of hunger and comfort with 
technology are advanced characteristics that will 
influence the decisions in the present model. At the start 
of the simulation, basic traits must be assigned to the 
agent according to each airport characteristics. 
Eagerness to shop and comfort with technology are static 
variables that will be assigned according to basic traits. 
Level of hunger is a dynamic value which increases while 
staying in the airport, yet it reaches zero if the passenger 
engages a food/beverage cafe or restaurant. 

When entering the Terminal, passengers have to 
choose from a range of activities, the decision level used 
in the model is divided into two levels: non-impulsive and 
impulsive [18]. In case a passenger does not need to use 
any check-in facility he must only decide whether to 
perform any activity before security or not. However, if the 
passenger needs check-in facilities he will have to decide 
three things: 

 Which check-in method to use? 
 Go directly to check-in? and 
 Perform any activity before security? 

Choices made inside the Terminal are affected by 
time stress created by the flight departure schedule. Even 
though people have higher desire to shop or higher level 
of hunger, their decision is highly affected by the time that 
remains to perform the next aeronautical activity. 
Therefore, decision to perform or not a discretionary 
activity is influenced by time stress (Figure 3.3). By 

introducing time pressure variable suggested by Kalakou 
et al. [20], the agent determines if it is preferable to 
engage the next aeronautical activity or to perform any 
discretionary activity. Each time representation has two 
thresholds t1 and t2, one representing the beginning in 
which time pressure starts to decrease the probability of 
performing a discretionary activity and the other 
representing the maximum time pressure a passenger 
will accept. If the passenger has not performed check-in, 
those thresholds are: (t1) the counter’s opening hour 
(150 minutes to flight departure); and (t2) 30 minutes 
before closing check-in (90 minutes to flight departure). If 
the passenger has already performed the check-in these 
thresholds will be 90 and 30 minutes to flight departure 
respectively. 

 

Figure 3.3 – Engaging a DA probability. 

The choice of the check-in method is related to the 
advanced traits of the passenger, to the offer inside the 
Terminal and to the airline demands. Today, 80% of 
passengers need to check one luggage [21].  Passenger 
who has no hold baggage will not need any check-in 
device inside the Terminal as it is believed he already 
checked-in online or via app. For the others, the preferred 
device to obtain boarding pass according to their comfort 
with technology is presented in Table 3.1. Note that 
passengers who use web check-in may also use the 
kiosk to obtain their bag tag depending on the airlines’ 
offer. 

Table 3.1 – Check-in method according to ACRP [22]. 

 With check baggage 
CWT* Web/app Kiosk 
0 0% 0% 
1 21% 17% 
4 85% 70% 

*Comfort with technology 
Previous research has shown characteristics that 

affect passenger walking speed in airport Terminals. 
Walking speed can be influenced by basic characteristics 
of the passenger such as age, gender and travel 
purpose. Baggage did not influence walking speed mean 
since most bags used nowadays are trolleys [23]. 

 �̅� = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑣 , 𝑣 , 𝑣 ) 3.1 

 𝜎 = 𝜎 + 𝜎 + 𝜎  3.2 

Arrival patterns are influenced by many factors such 
as, period of the day, airport accessibility, public 
transportation and traffic situation. Each airport will show 
different arrival patterns though, common patterns are 
found throughout airports in Europe [12]: (1) The majority 
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of passengers arrived 60 minutes before STD; (2) charter 
and leisure passengers arrive sooner than business 
passengers; (3) there is an arrival peak usually situated 
100 to 120 minutes before departure; and (4) peak hour 
in the morning is busier compared with the afternoon and 
evening peak hour. 

3.2 Agent’s environment 
The model is built to fit the landside of an airport’s 

Terminal (Figure 3.4). Therefore, the agent’s 
environment are physical components existing in the 
landside terminal. Each terminal has different layout and 
configuration yet, the components find in the landside 
terminal are: (1) aeronautical facilities (e.g. check-in 
counters and kiosks); (2) non-aeronautical facilities (e.g. 
stores, restaurants and cafes and other services); and (3) 
the structural components (e.g. walls, doors and 
obstacles). 

 

Figure 3.4 - Hypothetical agent's environment [16]. 

This environment is not fixed and varies in each 
airport, thus the need to find an existing terminal to apply 
the model. 

3.3 Interaction 
When pedestrians face a certain environment, the 

decision-making process has three levels [24]: (1) 
strategic; (2) tactical; and (3) operational. Operational 
decisions are the last to be made and represent slight 
adaptations to achieve the tactical decision, such as 
walking speed or instant walking direction. These 
decisions come not only with personal characteristics but 
also with interactions with other pedestrians and also with 
the environment [24]. While most interactions do not 
interfere with strategic and tactical decisions, Dijkstra et 
al. [18] explains how interactions can affect strategic and 
tactical decisions in what it is defined as impulsive 
activities. 

Pedestrian in the airport are driven by a specific 
goal: complete the aeronautical process - to board the 
plane; yet they are also faced with other type of non-
aeronautical activities. This means the model will 
introduce distinct types of decisions based on pedestrian 
characteristics and based on interactions: (1) non-
impulsive choices; and (2) impulsive choices. Other 
operational choices that occur with interactions in the 
environment such as walking speed variability, obstacle 
avoidance and leader-follower are also considered. 

When entering the Terminal, the pedestrian is faced 
with a complex environment that presents a lot of 

opportunities to interact, consequently the pedestrian 
needs to find his way through the airport, where there are 
stores, cafes, restaurants and service providers that offer 
several types of goods. Advanced technological solutions 
may be offered to provide a better stay in the Terminal. 

The pedestrian interaction is a three-step 
framework of considered behavioral principles [18]: 
1. Perceive environment – The passenger 
evaluates his surroundings; 
2. Determine activation – The passenger, 
according to the evaluation and his characteristics will 
determine if is going to change his last decision; and 
3. Complete activity – If activated the pedestrian 
will proceed accordingly. 

The model will focus on representing these 
interactions introducing more decisions at the operational 
level behavior inside the agent. Although this logic can be 
validated resulting in a better representation of reality and 
therefore more accurate results, calibration and correct 
understanding of behavior is needed. Many factors are 
not introduced. Some are impossible to replicate i.e. 
latent behavior. 

3.3.1 Interaction with signals 
Wayfinding is the process of finding directions to 

arrive a certain destination point inside the built 
environment [25]. While walking inside the Terminal, one 
can find, information points, fixed signaling and 
interactive signaling. The passenger therefore, will find 
his way through the Terminal by information gathered 
from those sources of information. Info points are 
distributed among the Terminal. According to Kalakou 
(2016), Lisbon’s landside airport Terminal is well serve of 
fixed signaling and people don’t have trouble finding their 
way through the Terminal, avoiding adaptations to the 
route chosen by confuse signaling. However, interactive 
source of information such as digital screens contain 
information to where the passenger should proceed. 
Therefore, when the passenger enters the Terminal and 
needs to use check-in facilities he will first locate a source 
of information, gather the information provided and then 
decide what activity to choose next.   

3.3.2 Interaction with service providers 
Service providers such as stores and food providers 

appear while agents move through the Terminal. As 
stated before passengers in an airport Terminal are 
mostly goal oriented, meaning the objective is always to 
catch the plane on time. This highlights the fact that 
interactions between stores facilities and passenger are 
of great relevance. When modeling, the fact that a 
passenger has at his range a service provider that may 
induce in an action (impulsive behavior) must be included 
to best represent the reality. 

The principle is to have an agent always evaluating 
his surroundings and instantly returning a response, 
whether to engage the provider or not. Interactions with 
service providers will always be a function of advanced 
traits of the agent and providers’ characteristics. Being 
providers’ characteristics the ones referred in Dijkstra et 
al. [18]: (1) store category (2) motivational state – a 
pedestrian with leisure purpose has more chances in 
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being activated by a store; (3) Familiarity with the store1; 
(4) store characteristics; (5) basic traits; and (6) time 
pressure. The author remarks how these behavioral 
principles are hard to calibrate and heavy when modeled, 
therefore a simplification for this issue is proposed, based 
on eagerness to shop, time pressure and store 
occupancy. 

 

Figure 3.5 – Activation probability (time pressure). 

 

Figure 3.6 – Activation probability (store characteristics). 

By introducing these rules, agents will then define 
the procedure, either stop and proceed to the activity or 
simply ignore it. 

3.3.3 Interaction with other check-in methods 
The same principle is applied to other check-in 

methods that may and will be presented to the passenger 
while on the Terminal. Currently, passengers may 
choose between online check-in or counter check.in, yet 
other methods are already in use and some will be 
introduced in future Terminals. Passengers then, may or 
may not be familiarized with the new check-in method 
and may interact with them, creating a reaction that may 
affect the first decision. Data collected from Castillo-
Manzano & López-Valpuesta (2013) concludes that the 
factors that affect the passengers when exchanging to a 
new check-in method are (Figure 3.7): (1) queue size – 
passengers perceive time as a valuable factor, the 
smaller the queue the preferable; and (2) comfort with 
technology – millennials seem to adopt new technologies 
faster, while older people seem to prefer traditional 
methods [5]. 

                                                        
1 Familiarity with the store was discarded from the 

model. 

 

Figure 3.7 - Activation probability (Queue size). 

Interactions are of immense importance when 
introducing new technologies and interactions, how 
people perceive and accept them may be the success or 
not of their implementation [11]. Adding the fact that 
modern technologies seem to improve the Terminal 
operational performance, it is of foremost importance that 
passengers adopt newer methods when introduced to 
them. Although surveys point the preference for self-
service devices [21] introduction of new elements should 
be done in phases, to enable the adaptation of 
passengers. 

3.4 Simulation model Structure 
The model was built on AnyLogic 8.0.2 

(https://www.anylogic.com/), the software used to 
simulate the daily operation of the airport. Since Anylogic 
software is based on a discrete-event structure that 
allows the introduction of agent-based modelling several 
structure schemes are possible. Some are pure discrete-
event simulation, which means the system operates as 
discrete sequence of events, others are agent-based on 
a discrete structure meaning the probabilities are based 
on the agent. Yet, these schemes fail to represent 
interactions and the possibility to change after activity 
choice. To best achieve the goal of simulating 
interactions between agents a cyclic structure was 
created (Figure 3.8). Each step can be canceled by the 
agent thus restarting the cycle. 

 

Figure 3.8 – Simulation ABM structure. 

The simulation model structure results in no 
continuity of activities, and the go to activities will send 
the pedestrian to where he wants. This structure implies 
that the decision tree is in the agent itself and not on the 
environment. 

3.5 Model validation 
Model validation is the last step on a model 

development and one of the most difficult issues in crowd 
modelling and simulation. It requires large amount of 
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detailed data to validate pedestrian behavioral models. It 
is hard to introduce real world data outputs in a 
pedestrian model since systems are deeply complex and 
human activity choice is unpredictable. This leads to the 
conclusion that validation of pedestrian models still is a 
major issue for modelers [26]. Face validation, empirical 
validity and comparison to other models are commonly 
used criteria when assessing agent-based models [27], 
[28]. 

Face validation is based on the knowledge of 
domain experts. When the model structure was first 
presented to Eng. Sophia Kalakou during a meeting in 
vtm - Consultores de engenharia e planeamento 
headquarters, some adaptations were proposed. After, in 
May 5th, 2017 the finished model structure was evaluated 
and approved by the same expert. The 2D animation of 
the simulation tool also plays an important role in face 
validation. In the animation, is possible to observe 
passenger behavior, such as walking, waiting and activity 
choice. The interaction between passengers and the 
airport’s environment can also be analyzed. Also, all 
model principles were based on previously validated 
models and all the assumptions made were reviewed by 
supervisors. 

Statistical validation was achieved after model 
application to the case study. 

4 Case study and results 
4.1 Lisbon Humberto Delgado airport presentation 

Lisbon Humberto Delgado international airport is 
Portugal’s biggest airport and will be used as the case 
study. The airport was established on the October 15th, 
1942 and is composed by two passenger buildings and 
two runways. In 2016 the total number of served 
passengers was around 44 million [29]. 

The check-in and the security screening take place 
in this area and many discretionary activities are found 
distributed over the building. Before security control there 
are several areas: (1) check-in areas; (2) retail stores 
areas; (3) coffee shops areas; and (4) leisure areas i.e. a 
lounge area.  

The check-in areas serve the airlines flying from 
Lisbon Terminal 1. Currently the Terminal is equipped 
with distinct types of check-in solution: (1) Counters – 
dedicated, flexible assignment and dedicated-use 
assisted bag drop-off; and (2) Kiosks 

A counter schedule was obtained by direct 
observation of Terminal’s operations. 

Waiting areas are spread over the terminal, 
passengers prefer to wait at a sitting bench. There are 
cafes and benches near check-in area and, also a lounge 
area is found inside the Terminal with 60 seats available. 

Retail shops are concentrated in the middle area of 
the Terminal, the offer is quite limited having one fashion, 
one make-up and one newsstand. Other service stores 
can be found such as a bank, a post office a travel agency 
and a phone store. As for food and cafes the offer is 
spread around the Terminal, many places can be found 
serving diverse types of food.  

4.1.1 Current expected developments 
By observation the main issue on check-in 

operations is related to the non-existence of specific 
queue for assisted bag drop-off counters. In terms of 

processing passengers on the landside, the expected 
developments are related to automated self-service bag-
drops. Installing this new equipment seem, at first, 
beneficial due to the shorter processing times they 
enable and the split queue lines between the kiosks and 
the drop-off counter. Though, passengers perceive and 
acceptance towards newer technologies may restrain its 
potential [30].  

Most of the bag-drop systems are retrofitted into 
existing counters, resulting in a minimum alteration of the 
terminal area offering maximum flexibility. Also, kiosks for 
this solution offer flexibility to integrate classical check-in 
counters according to Phillipe Laborie in Symonds [31]. 
Also, step-by-step integration is possible avoiding 
completely shock for passengers.  Optimizing is needed 
and common-use passenger processing systems 
(CUPPS) help facilitate the fast-changing operations of 
the airlines. 

4.2 Running scenarios 
Developments inside the Terminal by the 

introduction of modern equipment will only improve the 
system itself if perceived and adopted by the passengers. 
The introduction of fully self-service technologies by its 
own won’t improve the system unless it fits the needs and 
the requests of the users.  

Perceive, be activated and complete activity is 
described as an impulsive behavior. Therefore, four 
scenarios (1 base scenario + 3 test scenarios) reflecting 
different activation levels for different passengers’ 
profiles were chosen to access operational gains to the 
passenger (Table 4.1).  

Table 4.1 – Scenarios presentation. 
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0 00% 00% 05% 10% 
1 17% 17% 34% 50% 
4 70% 70% 95% 100% 

Base scenario aims to represent the actual 
Terminal operations and serve as comparison to the 
other three test scenarios. Base scenario will be subject 
of data validation with actual retrieved values from the 
airport. After validation, the data is collected and will 
serve as base to access fluctuations in the parameters 
when running the three testing scenarios. 

First scenario uses current activation probability of 
todays’ kiosks, it is expected in this scenario will reduce 
queues to the traditional counters, resulting in a shorter 
dwell time for passengers and shorter waiting times in 
queues. Passengers using traditional counters will see 
their waiting times increased but in the daily operations, 
little to no different should be observed 

The second scenario is the representation of higher 
adoption of the technology. All three levels of comfort with 
technology could be activated. This scenario is aimed to 
represent the best adoption rate for the solution resulting 
in minimum waiting time for the passengers. Results from 
this scenario will show great improvements in 
comparison to base and first scenarios. 
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Last scenario represents most passengers being 
acquainted with self-service counters and wanting to use 
the technology. By such adoption level it is expected the 
automated counters reach their optimum level and start 
to increase waiting times. This is a scenario representing 
the technology needs to be adopted in more counters. 

4.3 Simulation overview and validation 
The model proposed was implemented in the case 

study airport and simulation rules are as follow: (1) The 
simulation model run time is 24 hours, from 00:00:00 to 
23:59:59; (2) A flight and a counter scheduled was 
provided; (3) Airport’s passengers’ characteristics; and 
(4) all the assumptions of the model described earlier 
were introduced in the simulation model.  

The first thing that should be done when evaluating 
a model is to determine if the results are an acceptable 
representation of the real system. Therefore, outputs 
obtained from the simulation runs must be compared to 
what is considered and observed in situ and some 
deviation (from target) analysis is done for those outputs. 
Since there is randomness while using distributions in 
model inputs, the next step is to perform several 
replications (n) to deal with the stochastic variations that 
result in measurements uncertainty from model runs and 
to increase outputs statistical significance. 

The main focus is the time the pedestrian has to 
wait inside the terminal for each scenario. For each case, 
the daily passenger waiting time mean is observed from 
each run, an estimated value, µ, and an estimate of the 
standard deviation, σ, is obtained. Confidence intervals 
from parametric descriptive statistics analysis are 
reported. For that reason, one should first explore the 
normality of the output dataset before proceeding to use 
parametric analysis. 

Shapiro-Wilk’s test has the best power for a given 
significance. This conclusion was found in 2011 when 
compared to Anderson-Darling’s, Kilmogorov-Smirnov’s 
and Lilliorfers’s tests [32]. For that reason, Shapiro-Wilk’s 
test is performed using an algorithm by Royston [33]: 

 
𝑊 =

(∑ 𝑎 ∗ 𝑥 )

∑ ((𝑥 − �̅�) )
 4.3 

W is the square of the correlation coefficient 
between 𝑎 < 𝑎 < 𝑎  and 𝑥 < 𝑥 < 𝑥 . It is also true to 
assume for values of n between 12 and 5000 the statistic 
ln(1 − 𝑊) is approximately normally distributed. 

 𝐶𝐼 = 𝜇 ± 𝑤 =  𝜇 ± 𝑡 ∗ 𝜎 4.4 
To ensure mean statistical significant of the data 

obtained from each run, the number of replications of the 
model is increased by 10 until assumption of normality for 
the sample data is acceptable and the value W is below 
1. Then the data is evaluated according to that number of 
replications and then parametric evaluation is performed. 

Another form of validation is empirical, it consists in 
comparing outputs from the model and those collected 
from the testing system. It is suggested that empirical 
validity is the most effective approach to establishing 
model validity [27]. 

4.4 Results 

4.4.1 Base scenario 
More extensive data for the queue waiting time is 

presented in Table 4.2. The CI for the sample queue 
waiting time mean is approximately [12:58 ± 00:24]. It is 
reasonable to assume the reference value for the base 

scenario queue waiting time mean is between 12:30min 
and 13:30min. Further analysis on data retrieved from the 
30 replication is presented below. 

Table 4.2 – Base scenario results. 

Parameters 
Economic 
Passenger 
[mm:sec] 

Business 
Passenger 
[mm:sec] 

Mean  12:59 02:31 
Median  10:03 01:05 
Peak Hour Waiting 
Time 

24:58 - 

80th percentile  16:22 - 
95th percentile 28:05 03:21 

Ashford et al. [12] advises the maximum queue 
waiting time for economic counters to be under 30 
minutes and for business to be under 5 min. Values from 
the 30-replication simulation model are within these 
values. Félix [4] points a value of 15 min for the 80th 
percentile while our model has 80th percentile of 16:22 
min. Peak hour waiting time was obtained during 8:00 am 
and 9:00 am. 

Two observations were made to the check-in area 
to measure and validate the data obtained September 5th, 
2017 and September 6h 2017. Three points that were 
obtained through staff survey: (1) The check-in area is 
much more crowded than one year ago; (2) Tap flights 
were being delayed due to longer queue waiting times in 
Tap check-in counters; and (3) Queue waiting times 
during morning peak hour could arrive to 30 minutes. 

4.4.2 Scenarios’ results and discussion 
For each scenario, it was proposed a certain 

activation (which translates into a superior adoption if the 
solution is within passenger sight). For the first scenario, 
the same as kiosk attraction level seemed plausible as 
this autonomous self-service solution is similar to the 
kiosk and attracts the same type of passenger. Then, a 
growth in the activation level is to be expected with the 
introduction of this system in other airports. Passengers 
who have already used or are acquainted with the 
solution will be more inclined to use it i.e. increasing the 
interaction passenger-solution. The third solution is more 
of a hypothetical (for now) as most passengers may 
interact and proceed to the new solution. 

From results comparison, the first scenario was 
expected to have little significance on the results when 
compared to base scenario. However, the results show 
otherwise, it improves peak hour queue waiting time, 
having a variation of ▼61% meaning the actual kiosk 
attraction level could lead to great improvements in the 
Terminal operations if fully automated technology were 
introduced. After the second scenario with higher 
adoption rate improved the results from scenario 1 in 
▼32% leading to what was expected as the solution that 
would bring the most benefits with the assumptions 
made. Last, the third scenario shows the saturation of the 
solution used with an increase of ▲110% when 
compared to scenario 2. More extensive data is shown in 
Table 4.3. 
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Table 4.3 – Results discussion. 

Results confirm what is pointed in the literature, that self-
service technology leads to improvements in the terminal: 
(1) less space is required for check-in; or (2) check-in  
capacity increases. In our base scenario, the passenger 
spends almost 50% of their dwell time waiting in queues  
while in the best scenario the would spend only 25%. In 
terms of passengers’ distribution inside terminal the use 
of fully automated counters led to a decrease on the 
landside area (Figure 4.1) and an increase on the time 
left to board i.e. passengers will be staying less time on 
the landside and more on the airside of the Terminal.  
 

 

Figure 4.1 – Passenger distribution (scenarios comparison) 

5 Conclusion and future developments 
5.1 Conclusion 

Nowadays, airports are becoming more focused on 
the passenger. Passengers determine if advanced 
technologies thrive inside the airports or not. Under this 
context, this research is motivated by the perception of 
the passenger to the inclusion of fully automated 
counters in the check-in process using an agent-based 
model.  

The primary objective of this dissertation would be 
to understand how different passenger’s profile could 
affect the performance of advanced solution when those 
are introduced in the terminal. By simulating pedestrian 
flow in an international airport terminal using an agent-
based model, the influence on how passenger’s profile 
affects the performance of that solution was assessed 
and analyzed. 

For that purpose, it was possible to develop an 
agent-based model to represent the pedestrian 

flow inside the terminal. The model defines the 
pedestrian with basic traits and advanced characteristics 
that influence their behavior and activity choice. Also, it 
was implemented interaction with the environment and 
interaction with time reflecting time pressure. 

It was possible to represent passenger’s profiles 
with different levels of technological activation and  

 

 

assess the improvements in the terminal operations 
when introducing the automated bag-drop solutions.  

The research concludes interaction with check-in 
solutions affects the performance of the check-in solution 
therefore, different passengers’ profiles with different 
perceptions of the environment should be included in the 
evaluation model to best assess the gains of the specified 
solution. Today’s acceptance of self-service solutions is 
enough to support the introduction of fully automated 
bag-drops. Also, distinct comfort with technology levels 
affect the operational gains resulting in another level of 
uncertainty. 

5.2 Future developments 
The limitation of this dissertation lies on the lack of 

access to detailed airport data, which leads to difficulties 
in model development and its validation. Also, for agent-
based models, the accuracy of decision making 
processes and human activities determine the reliability 
of the model. Passenger attributes such as basic traits 
have influence on the passenger’s behavior and 
environment cognition. However, due to the lack of 
access to such empirical data, the model proposed was 
considerably simplified using data previously validated 
from other research papers or empirical assumptions 
while simulating human behavior. 

Therefore, the most limitation of this research was 
the access airport passengers’ characteristics data and 
to airport data itself to further validate the model. 
Regarding these points future research could be 
undertaken in the following areas: 

(i) Field data collection of pedestrian 

characteristics; 

(ii) Explore motivations of the passengers to adopt 

innovative solutions in airports; and 

(iii) Investigate the application of agent-based 

pedestrian flow model with introduction of non-

impulsive behavior.  

0

200

400

600

800

1000

1200

0:00 4:00 8:00 12:00 16:00 20:00 0:00

Pa
ss

en
ge

rs
 [p

ax
]

Time [HH:mm]

BASE SCENARIO
SCENARIO 1
SCENARIO 2
SCENARIO 3

Variation Parameters Scenario 1 Scenario 2 Scenario 3 
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Peak hour queue waiting time - -32% 110% 

Daily mean queue waiting time - -40% 34% 
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