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Abstract 

The goal of IMHOTEP is to develop a concept of operations and a set of data analysis methods, 
predictive models and decision support tools that allow information sharing, common situational 
awareness and real-time collaborative decision-making between airports and ground transport 
stakeholders. To support this general goal, the project is developing a set of predictive models able to 
anticipate the evolution of an airport’s passenger flows within the day of operations and assess the 
operational impact of different management measures on both airport processes and the ground 
transport system. The project will develop two main predictive models, which will later be integrated 
to provide a holistic view of the whole passenger journey: a model of the passenger flows inside the 
terminal and a model of the flows of passengers accessing and leaving the airport facilities. This 
document describes IMHOTEP’s airport access and egress simulation models, from model 
conceptualisation through model implementation and validation. The models are developed by using 
state-of-the-art transport and traffic simulation tools. Model calibration and validation relies on the 
use of data analytics techniques to reconstruct the passengers’ activity-travel diary.  
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Executive Summary 

The goal of IMHOTEP is to develop a concept of operations and a set of data analysis methods, 
predictive models and decision support tools that allow information sharing, common situational 
awareness and real-time collaborative decision-making between airports and ground transport 
stakeholders. To support this general goal, the project is developing a set of predictive models able to 
anticipate the evolution of an airport’s passenger flows within the day of operations and assess the 
operational impact of different management measures on both airport processes and the ground 
transport system. For each of the two project case studies, the Palma de Mallorca and the London City 
airports, IMHOTEP will develop two predictive models, which will later be integrated to provide a 
holistic view of the whole passenger journey: a model of the passenger flows inside the terminal and 
a model of the flows of passengers accessing and leaving the airport facilities. This document describes 
IMHOTEP’s airport access and egress simulation models, from model conceptualisation through model 
implementation and validation.  

The models are implemented using Aimsun Next, a traffic simulation software tool able to accurately 
simulate the movement of different types of vehicles within the transport network. In order to 
implement the models, different types of data have been collected, including: 

• Demand: data capturing the distribution of trips between origin and destination zones.  

• Network geometry: data describing the geometrical aspects of the use case area, such as the 
location of intersections, road widths and shapes, number of lanes on each section, etc.  

• Traffic control: data characterising the operation of traffic signals and ramp meters, priority 
schemes for transit vehicles at signalised intersections, etc.  

• Transit operation: data characterising the operation of public transport, such as transit routes, 
vehicle composition, stop locations, and service schedules. 

• Network traffic state and performance: data characterising how traffic behaves along roadway 
elements, such as volumes, speeds, travel times, location of bottlenecks, etc. 

Once the models have been created, a calibration process has been conducted to assure that the 
modelled behaviour accurately represents the reality. To this end, a novel approach has been 
proposed, combining traditional calibration approaches based on traffic counts with information 
extracted from the activity-travel diaries (ATDs) of the airport users. The ATDs have been reconstructed 
through the fusion and analysis of a variety of conventional and innovative data sources, including 
includes flight schedules, bus and rail schedules, data about the passengers’ access to terminal facilities 
(e.g., boarding card reader data), passenger surveys, and data form personal mobile devices (mobile 
network data, data from mobile apps).  

The validation approach in mainly based on the comparison of the traffic flows measured in different 
points of the network with the model outputs. The results of the validation experiments show that the 
model performance is acceptable. The collection of extra traffic data in subsequent project stages will 
improve the robustness of the two simulation models. 

Once the access-egress models of both case study airports are fully calibrated, they will be integrated 
with the airport terminal models developed by WP4 ‘Modelling of passenger terminal processes’. The 
resulting integrated models will be used as an input for WP7 ‘Demonstration and evaluation of 
IMHOTEP ConOps and decision support tools’. 
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1. Introduction 

1.1 Scope and objectives 

The goal of IMHOTEP is to develop a concept of operations and a set of data analysis methods, 
predictive models and decision support tools that allow information sharing, common situational 
awareness and real-time collaborative decision-making between airports and ground transport 
stakeholders. The specific objectives of the project are the following: 

1. Propose a concept of operations for the extension of airport collaborative decision-making to 
ground transport stakeholders, including local transport authorities, traffic agencies, transport 
operators and mobility service providers.  

2. Develop new data collection, analysis and fusion methods able to provide a comprehensive view 
of the door-to-door passenger trajectory through the coherent integration of different types of 
passenger movement data collected from personal mobile devices and digital sensors. 

3. Develop predictive models and decision support tools able to anticipate the evolution of an 
airport’s passenger flows within the day of operations and assess the operational impact on both 
airport processes and the ground transport system, with the aim of enabling real-time 
collaborative decision-making between airports and ground transport stakeholders and 
enhanced passenger information services. 

4. Validate the proposed concept and the newly developed methods and tools through a set of 
case studies conducted for the Palma de Mallorca and London City airports in collaboration with 
airports, local transport authorities and transport operators. 

Objective 1 is addressed by WP2 ‘Concept of operations and definition of case studies’. Deliverable 
D2.1 describes the IMHOTEP ConOps, while deliverable D2.2 ‘Specification of Case Studies’ presents a 
set of use cases based on information sharing and real-time coordinated decision-making between air 
transport and ground transport modes. 

WP5 ‘Modelling of passenger access and egress’ addresses Objectives 2 and 3 for the airport access 
and egress processes. The goal of WP5 is to develop and calibrate a modelling tool that reconstructs 
and simulates the flows of passengers accessing and egressing the airport facilities, reconstructing the 
door-to-kerb and kerb-to-door itineraries, for the Palma de Mallorca and London City airports. The 
specific objectives of WP5 are:  

• to identify the needs and requirements in terms of model capabilities;  

• to develop a set of data analysis and fusion methodologies with the objective of characterising 
the flows of passengers accessing/egressing the airport 

• to develop a multimodal ground transport simulation tool for each of the two case study 
airports; 

• to calibrate and validate the models with empirical data. 

This document describes the specification, design and validation results of the passenger access and 
egress simulation models developed to achieve these objectives. 
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1.2 Intended readership 

The target audience for this document includes: 

• SESAR JU 

• European Commission 

• Airports 

• AUs 

• ANSPs  

• Network Manager 

• Ground transport stakeholders 

• Relevant SESAR IR projects (e.g., PJ04 TAM) 

• Relevant SESAR ER projects (e.g., TRANSIT, MODUS, X-TEAM D2D projects) 

• Scientific Community 

1.3 Reference and applicable documents  

• Grant Agreement No 891287 IMHOTEP – Annex 1 Description of the Action.  

• IMHOTEP D1.1 Project Management Plan, v01.01.00, March 2021. 

• IMHOTEP D2.1 IMHOTEP ConOps, v0.01.00, February 2021. 

• IMHOTEP D2.2 Specification of Case Studies v.00.01.03, July 2021. 

• IMHOTEP D3.1 Data Management Plan, v01.01.00, March 2021. 

1.4 Structure of the document 

The rest of this document is structured as follows: 

• Section 2 describes the research methodology followed to develop IMHOTEP’s airport access 
and egress simulation models. 

• Section 3 introduces the airport access and egress modelling approach by describing the 
elements of the system, namely supply and demand, the data used for developing the simulation 
model and the analytics applied to prepare the model inputs, and the calibration and validation 
methodology. 

• Section 4 presents an overview of the methodology applied for reconstructing the access and 
egress itineraries of the airport users, which are the main input for modelling transport demand 
in the simulation models, and its application to the Palma de Mallorca airport (PMI) and London 
City Airport (LCY) case studies. 

• Sections 5 and 6 describe the models developed for the Palma de Mallorca airport (PMI) and 
London City airport (LCY) case studies, including the model specification, development, 
calibration and validation. 

• Section 7 summarises the main conclusions obtained from the development of the two 
simulation models and discusses their further utilisation within the IMHOTEP project.  
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2. Research methodology and model 
development workflow 

The methodology proposed to develop the airport access and egress simulation models comprises 
seven main stages: 

1. Definition of the model scope: identification of use case objectives and model requirements.  

2. Selection of modelling approach and type of simulation to be used.  

3. Data collection and preparation: collection of data required for the development of the model. 
This step includes collecting data from traffic monitoring systems, conducting field data 
collection, reviewing base maps, retrieving information from data warehouses, and requesting 
data from specific agencies. It also includes checking data validity, processing and reducing data 
to extract specific information, and formatting data for their use in the simulation models. 

4. Model development: implementation of the transport supply and demand models and setting 
of simulation parameters.  

5. Error checking: depuration of coding errors that can affect the execution of the simulation 
models. This is an iterative process with step 4, where the parameters used for modelling the 
network geometry, traffic demand, traffic control devices and traveller behaviour are reviewed 
to ensure they provide valid and logical values. 

6. Model calibration: adjustment of network and simulation model parameters to reproduce 
traveller behaviour and traffic performance. This involves the establishment of calibration 
targets, the selection of appropriate calibration parameters to reproduce observed travel 
patterns, and the tuning of model parameters so that its performance matches data from field 
observations. 

7. Model review and application to use cases. 

This model development workflow is depicted in Figure 1. 
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Figure 1. Workflow process for the network model development in IMHOTEP 

 

1. Identification of Use Case Scope 
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3. Data Collection and Preparation 
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3. Access-egress modelling 

The complexity of transport systems and the difficulties to perform experiments with real world traffic 
make computer simulation an important analysis tool in transport and traffic engineering. Traffic 
simulation models are mathematical representations of a transport system implemented through 
computational simulations to better support the planning, design, management, and control of 
transport systems. IMHOTEP’s access-egress model will consist in a traffic simulation model of the 
airport and its environment. The model will be implemented using Aimsun Next traffic simulation 
software (Aimsun, 2020). 

3.1 Traffic simulation models: state of the art 

Traffic simulation emerged in parallel to the rapid development of digital computers. The first 
developments of both technologies occurred about 60 years ago in the United States and Europe. May 
(1990) defines simulation as a numerical technique conducting experiments on a digital computer, 
which may include stochastic characteristics, may be microscopic or macroscopic in nature, and 
involves mathematical models that describe the behaviour of the system over extended periods of real 
time. Simulation can be seen as an alternative to analytical models.  

Traffic simulation models have been developed by transport researchers to mimic the complex 
dynamics of traffic systems. Typically, traffic simulations are classified into four categories based on 
their level of detail and aggregation: macroscopic, mesoscopic, microscopic and hybrid. 

• In macroscopic models, traffic is described as a continuum flow based on flow-density functions; 
the explicit modelling of detailed components, such as lanes and vehicles, is not incorporated.  

• Microscopic traffic simulation models, on the other hand, attempt to mimic the real traffic 
dynamics in a very detailed manner. Individual vehicles and their interactions with other vehicles 
are modelled and represented in the simulation. Models concerning driver behaviour, such as 
car following, lane changing and gap acceptance behaviours, play a critical role in the 
performance of simulation results.  

• Mesoscopic models are another available option lying between microscopic and macroscopic 
models. Although individual vehicles are represented, detailed modelling of their second-by-
second movement is avoided. Due to computational constraints, the level of detail is always 
inversely proportional to the network size and complexity.  

• Recently, hybrid models have been developed to enable the simultaneous execution of 
microscopic and mesoscopic simulations in a way such that the mode can integrate different 
levels of detail. Combining an event-based mesoscopic model with a more detailed time-sliced 
microscopic simulation offers a best-of-both-worlds scenario, blending superior computational 
efficiency of mesoscopic models with the more precise representation of traffic dynamics 
provided by microscopic models.  

The selection of the modelling approach to be used in a particular project shall be based on the 
questions to be answered by the model. A brief overview of existing simulation models and techniques 
is provided below. 
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3.1.1 Simulation-based traffic prediction 

The essence of simulation-based traffic prediction is to equip the model with all necessary components 
and let every single subject evolve over time under the governance of the model. One of the most 
critical tasks for simulation-based traffic prediction is finding the most appropriate components to be 
included in the simulator. These components include demand inputs, the initial state of the network, 
and the model parameters. 

Demand 

Concerning the definition of traffic demand as an input to the simulator, most models are fed by 
aggregated travel demand either in the form of Origin-Destination (OD) matrices or inflows 

Initial state 

The initial states of the network concerning a number of traffic parameters, such as density, flow, 
speed, queues and vehicle mix, must also be loaded at the beginning of a simulation run. 

Model parameters 

All behaviours relevant to the simulation are essentially determined by the parameters of underlying 
behavioural models, such as route choice behaviour models. In practice, traffic simulation models are 
implemented as synchronous simulators that, at each simulation step, explore all entities in the model 
and update the model’s state by updating the entities’ states. The generic computational framework 
for the traffic simulation models that use OD matrices as inputs and deal with route choice models can 
be described as follows: 

1. Initialisation: 

1.1. Define a cycle time to update paths in the network 

1.2. Calculate initial shortest paths for each OD pair on the basis of some definition of initial link 
costs (e.g., free-flow link travel times). 

2. Repeat until all the demand has been loaded onto the network: 

2.1 Calculate path flow rates according to a route choice model and the proportion of the 
demand for each OD pair for the selected cycle length. 

2.2 Dynamic network loading: propagate the flows along the paths in accordance with the 
microscopic flow dynamics and, at every simulation step, update the position of every vehicle 
in the model through the following procedure: 

2.2.1 Determine the next move at the current simulation step 

2.2.2 Apply the corresponding model: lane-changing, car-following, etc. 

2.2.3 Calculate the new position at the end of the simulation step 

3. Collect statistics according to a predefined data collection plan 

4. Update link costs 

5. Update shortest paths with the updated link costs, for use in the next cycle. 

Due to the complexity of traffic simulation, in this section we simplify the problem by distinguishing 
only between (a) predicting supply, i.e., the resulting traffic patterns that occur when assigning / 
distributing the demand to the network, which implies that under “supply prediction” we also include 
route choice (assignment) and (b) predicting demand (either OD patterns or inflows). 
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3.1.2 Traffic flow modelling  

The dynamics of traffic flows can be modelled in different ways or resolutions according to various 
approaches depending on the modeller’s goals.  

3.1.2.1 Macroscopic traffic flow models 

The macroscopic modelling of traffic flows is usually based on continuum traffic flow theory, whose 
objective is the description of the time-space evolution of a set of aggregated variables that 
characterise traffic flows, including (average) flow, (average) speed, and (average) density at all 
network locations. Macroscopic modelling approaches include two major branches: kinematic wave 
models and higher-order models (Kessels, 2013; Wageningen-Kessels et al., 2015). In order to include 
differences between types of vehicles (e.g., passenger cars and trucks), multiclass versions of both 
types of macroscopic models are developed as well. 

Since individual vehicles are not modelled, the predictions of speeds correspond to an average value 
of the traffic flow on a specific road section in a network. Therefore, these models cannot predict the 
lane choice and speed choice of individual vehicles at a random cross-section in the network, and can 
therefore not be used for evaluating measures focusing on lane, speed and headway choice. However, 
in many studies predicting an ‘average’ speed for a group of drivers on a specific section of road is 
sufficient for the purpose of the study. Such purposes focus mainly on network and demand changes 
for future years rather than short-predictions. Examples are infrastructural changes, traffic 
management measures and road pricing.  

Traditionally macroscopic models have been the most applied due to their relative availability and 
lower computational times compared to microscopic models. Initially they were applied as static 
models, meaning that time dynamics were not considered. Some examples of static macroscopic 
software packages are Aimsun, Cube Voyager, OmniTRANS, PTV VISUM, EMME, TransModeler and 
Synchro. The first dynamic macroscopic simulation models were developed in academia. Relevant 
examples are METANET (Messner and Papageorgiou, 1990; Papageorgiou et al., 2010), RENAISSANCE 
(Wang et al., 2006) and AMOC (Kotsialos and Papageorgiou, 2004). Among the leading commercial 
traffic modelling packages that include dynamic macroscopic simulation are Aimsun Next, PTV VISUM 
TRE, TransModeler, and SATURN. 

While developments are still ongoing in macroscopic modelling, a shift in focus has recently occurred 
from improving macroscopic models to combining the advantages of different modelling approaches 
by deploying hybrid models. This is further discussed in section 3.1.2.4. 

3.1.2.2 Microscopic traffic flow models 

A microscopic traffic flow model simulates the motion of each individual vehicle, such that the dynamic 
variables of the model represent microscopic properties like the position and speed of the vehicle. One 
can predict individual speed, acceleration, deceleration, lane-changing and car-following distances at 
any time and any place in the network. Microscopic traffic flow models can be classified in three broad 
groups: car-following models (safe-distance, stimulus-response and psycho-physical distance models), 
cellular automata models, and lane-change models (lane selection and lane change models). All these 
models are in continuous state of improvement due to their significant role in describing complex 
driver behaviour to improve traffic conditions and to better understand puzzling traffic flow 
phenomena, such as capacity drops, stop-and-go oscillations, and traffic hysteresis. 
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All microscopic models depend on a number of parameters aimed at mimicking as closely as possible 
the way in which drivers of follower vehicles adjust their driving to that of leader vehicles. Increasing 
the number of model parameters can, in theory, better replicate the dynamics of this process. 
However, this makes it harder to find the right values of these parameters. Compared to other types 
of models, especially macroscopic models, microscopic models have a higher level of detail but they 
are more computationally intensive. Therefore, microscopic models are often limited to a reduced 
network size and forecast horizon. As microscopic models consider individual vehicles, they are 
dynamic by definition. 

The development of microscopic traffic simulation models has attracted a lot of attention in the past 
decades, resulting in the existence of around 60 microscopic simulation software packages. These are 
primarily research products, but around 20% of them are commercialised and are continuously in 
development. Examples of commercial packages include Aimsun Next, TransModeler and VISSIM. 

3.1.2.3 Mesoscopic traffic flow models 

Mesoscopic modelling of traffic flow dynamics lies in between microscopic and macroscopic models 
by representing the behaviour of individual vehicles (microscopic) and describing the traffic dynamics 
as a continuum flow (macroscopic). Mesoscopic models describe vehicle movements in aggregate 
terms such as probability distributions. A summary of existing mesoscopic simulation models which 
can be used for short-term traffic prediction is available in Burghout (2005). More recently, Di Gangi 
et al. (2015) presented a brief state of the art which aims to discuss the classification of mesoscopic 
models in terms of flow representation. Mesoscopic models include headway distribution models and 
cluster models. The oldest and most extended and popular branch within mesoscopic models are gas-
kinetic traffic flow models.  

In the academic field, DynaMIT (Ben-Akiva et al., 2001) and DYNASMART (Jayakrishnan et al., 1994; 
Mahmassani et al., 2005) are the two most developed and tested mesoscopic simulation models with 
predictive capabilities; both of them were benchmarked against a number of online and offline test 
cases by the Federal Highway Administration (FHWA). Recently the development of DynaMIT 2.0 has 
been carried out by the collaboration research alliance of MIT and Singapore. The extension of the 
original project aims to take advantage of data-driven methods to improve the efficiency of the model-
based approach (Milkovits et al., 2010; Lu et al., 2015). For commercial applications of mesoscopic 
modelling tools, Aimsun Next and Dynameq are examples that have been widely employed in practice. 

3.1.2.4 Hybrid or combined traffic simulation models 

Besides models that consist of one specific modelling type, a new type of model has emerged which 
makes use of different modelling approaches. These combined models make use of different traffic 
models under certain conditions or for a certain part of the network. While some of these are marketed 
as mesoscopic models, as they represent something between microscopic and macroscopic models, 
actually they are not, but rather a combined or hybrid model. There are several possible combinations 
between the main characteristics of traffic models. The most common combination is the use of a 
macroscopic part to model motorway or main traffic flows together with a microscopic model being 
applied to model intersections or road sections with increased traffic interaction. Other hybrid 
combinations also exist which make use of mesoscopic modelling or even combine continuous flow 
models with discrete models. This last type applies generalised traffic flow characteristics over long 
homogenous road sections and time and space segmented simulations where more detail is required. 
The main advantage of approaches with multiple models is that each model is only used when the 
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conditions apply (fit-for purpose). This allows hybrid models to take advantage of the strengths of 
various model parts and avoid their disadvantages.  

Most hybrid models only exist in an experimental state and are not yet available in the market. 
However, in Aimsun Next travel and traffic demand modelling can be fused with mesoscopic, 
microscopic and hybrid simulation – all within a single software application. It also covers traffic 
demand modelling within the same interface, and recently a hybrid model with a concurrent 
macroscopic and mesoscopic simulation. 

3.1.3 Demand estimation and prediction  

Demand estimation and prediction models are used to predict the number of the vehicle trips or 
travellers in the network with a specific mode of transport. Concerning the definition of traffic demand 
as an input to traffic simulator, most of the existing simulators can operate in two alternative modes: 
traffic demand input is defined in terms of inflows and turning fractions or in terms of OD matrices. It 
is worth noting that in the literature, the term demand estimation is often referred to as a demand 
calibration or adjustment problem. 

3.1.3.1 Traffic demand as input flows and proportions 

Traffic demand input is defined in terms of inflows at origin links and turning fractions at bifurcation 
nodes. Bifurcation nodes are nodes with one incoming and multiple outgoing links, where each 
outgoing link has an assigned turn fraction. Vehicles travel stochastically in the network, leaving the 
network occasionally according to turning fractions. This is the usual mode in most practical 
applications of traffic simulation models in the networks without route choice options. Definition of 
traffic demand as inflows and turn fractions cost less memory for traffic simulations, since it requires 
storing of information at the node level but at the cost of losing route information. The number of turn 
fractions is independent on the number of routes and link lengths, but it depends only on the size of 
the network, which is both computationally as well as memory friendly (Raadsen et al., 2009). 

This reduced complexity comes with the additional cost that turn fractions must be determined 
beforehand in some way. The majority of traffic simulation models that use turn fractions as input data 
are applied to model traffic state on corridor networks that are covered with sufficient number of 
traffic detectors. Traffic counts from these traffic detectors can be used to directly derive turn fractions 
and inflows. Alternatively, turn fractions at the corridor networks can be directly derived from OD 
matrices. OD matrix estimation approaches that may be used to estimate inflows and turn fractions 
for linear corridors include Camus et al. (1997), Cremer and Keller (1987) and Van Der Zijpp and De 
Romph (1997) and extensions for intersections include Bell (1991) and Zuylen and Branston (1982). All 
these methods assume that all entries and exits in the network are continuously monitored. Turn 
fractions can be determined by the minimum demand supply principle in macroscopic simulation 
models, where the available supply is distributed according to the effective capacity of the outgoing 
links (Van Lint et al., 2008). 

Splitting fractions can be looked upon as turning fractions by destination (i.e., the ration of the traffic 
volumes in each output link of a node). Depending on the chosen traffic assignment model the number 
of splitting fractions which must be kept in memory varies. This approach is extremely memory 
intensive and the larger the network gets and the longer each link gets, the more fractions need to be 
kept in memory. Also, the more routes exist, the more fractions need to be stored. 
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3.1.3.2 Traffic demand as OD matrices 

Traffic demand is defined as OD matrices, where each cell represents the number of vehicles travelling 
from the origin to the destination along the available paths between these nodes.  

3.1.3.2.1 Disaggregated demand models 

The disaggregate demand modelling approach views travellers’ behaviour and activities as the unit of 
analysis, using the observed link counts to calibrate the parameters of the behavioural model to 
estimate OD trips. The behavioural models can be of two types: 

• Trip-based demand models, originally developed in the late 1950s, use individual trips as the 
unit of analysis and consist of four sequential steps: trip generation, trip distribution, mode 
choice and assignment. Time-of-day of trips is either not modelled or is modelled in a limited 
way. Time is often introduced by applying time-of-day factors to 24-hour hour travel volumes at 
the end of the traffic assignment step or at the end of the trip generation step. The behavioural 
inadequacy of the trip-based approach, and the consequent limitations of the approach in 
evaluating demand management policies, has led to the emergence of the activity-based 
approach to demand analysis.  

• Activity-based demand models view travel as a derived demand from the need to pursue 
activity distributed in space (Axhausen and Gärling, 1992). The seminal works by Chapin (1971), 
Cullen and Godson (1975) and Hägerstrand (1970) formed the basis for much of the research on 
activity analysis. Activity-based travel research has received much attention and seen 
considerable progress since these early studies (Kitamura, 1988; Pas, 1997; Jovicic, 2001; Bhat, 
2003). Activity-based models require time-use data for estimation and prediction. A time-use 
survey entails the collection of data regarding all activities (in- home and out-of-home) pursued 
by individuals over the course of a day (or multiple days). The activity-based approach does 
require more careful and extensive preparation of data to construct entire “sequences” of 
activities and travel. On the other hand, such intensive scrutiny of data helps identifies data 
inconsistencies which might go unchecked in the trip-based approach. The advantage of this 
type of models is that it is possible to include demand management measures and even combine 
them with traffic management. The disadvantage is the amount of input data needed to feed 
these models and to calibrate them. Well known simulation software examples of this type of 
model are the TRANSIMS (Barrett et al., 2001), ALBATROSS (Arentze and Timmermans, 2000; 
Arentze, 2005) and TASHA (Roorda et al., 2007). More information can be found in Castiglione 
et al. (2015). 

3.1.3.2.2 Aggregated demand models 

The aggregated demand approach views trips between every origin to every destination as the unit of 
analysis, that is, the observed link counts per time interval are used to directly estimate/calibrate the 
OD trips over time intervals. Dynamic OD demand estimation models have been proposed since the 
1980s, and since then a great evolution of these models has taken place. Dynamic OD flow estimation 
started with the seminal contributions by Okutani and Stephanedes (1984) and Cremer and Keller 
(1987), which were translated into a practical generic optimisation problem by Cascetta et al. (1993). 
Since then, dynamic OD demand estimation has received a lot of attention in the literature, resulting 
in a number of generalisations to solve the following challenges: selection of measurements, non-
linearity, observability, and online formulations. A review of the main contributions in this field is 
reported by Balakrishna et al. (2005) and Toledo et al. (2015).  
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3.1.4 Transport assignment models 

To complete our model building process according to the proposed systems approach, we must be 
able to formalise the relationships between the capacity and the demand. To model this interaction, 
the main underlying hypothesis is that travellers travel from origin to destinations in the network along 
the available routes connecting them, which involves modelling how travellers chose their routes 
through the network. The modelling hypothesis that supports the main transport models is based on 
the concept of user equilibrium, which assumes that travellers try to minimise their individual travel 
times, that is, travellers chose the routes that they perceive as the shortest under the prevailing traffic 
conditions. This modelling hypothesis is formulated in terms of Wardrop’s first principle (Wardrop, 
1952): the journey times on all the routes actually used are equal, and less than those which would be 
experienced by a single vehicle on any unused route. 

Traffic assignment is the process of determining how traffic demand, usually defined in terms of an OD 
matrix, is loaded onto the network, and it provides the means for computing traffic flows on the 
network links. Traffic assignment models based on Wardrop’s principle are known as user equilibrium 
models (Sheffi, 1985; Florian and Hearn, 1995). This modelling hypothesis, implemented for traffic 
demand and average flows not depending on the time of day, has supported the traditional models 
used in practice for strategic planning analysis. 

The Dynamic Traffic Assignment (DTA) problem can be considered as an extension of the traffic 
assignment problem described above, capable of describing how traffic flow patterns evolve in time 
and space (Mahmassani, 2001). Research into DTA started in the late 1970s, and has since then 
received a lot of attention due to its potential to accommodate changes in travel demand and network 
supply over short time intervals, such as 5 to 15 minutes, and its ability to model the spatial and 
temporal results of their interactions. The approaches proposed to solve the DTA problem can be 
classified into two broad classes: mathematical formulations looking for analytical solutions (Wu, 1991; 
Wu et al., 1998; Xu et al., 1998, 1999) and simulation-based approaches looking for approximate 
heuristic solutions (Tong and Wong, 2000; Lo and Szeto, 2002; Varia and Dhingra, 2004; Liu et al., 
2005). Florian et al. (2001), Mahut et al. (2002) and Barcelo and Casas (2006) have proposed a 
systematic framework to solve the DTA problem consisting of two main components: 

• Route choice approach determining how the OD flows are assigned to the available routes. 

• Dynamic network loading approach to determine how vehicles propagate along the route. 

The way vehicles propagate along the route is modelled with microscopic, mesoscopic, macroscopic 
and hybrid models, as discussed in section 3.1.2. Here we would discuss various route choice 
approaches implemented in DTA, since the DTA equilibrium framework is independent of the network 
loading approach. Route choice approaches in DTA have two components: the generation of a route 
choice set and the route choice selection among the alternatives in the choice set. 

3.1.4.1 Generation of a route choice set 

Since the number of paths connecting an origin and a destination grows exponentially with network 
size, the choice set of alternative routes cannot include all the feasible routes for most real-life 
networks. In such networks, the route choice set can thus be seen as a subset of the full choice set. 
Path generation algorithms, either deterministic (Azevedo et al. 1993; Ben-Akiva et al. 1984; Barra et 
al. 1993; Friedrich et al.; Hoogendoorn-Lanser et al., 2005; Prato and Bekhor, 2006) or stochastic (Bovy 
and Fiorenzo-Catalano, 2007; Frejinger et al., 2009; Ramming, 2002) can be used to define this choice 
set. 
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3.1.4.2 Route choice selection among the alternatives in the choice set 

Travellers’ route choice decisions within DTA are built on the premise that a Dynamic User Equilibrium 
(DUE) exists. The definition of DUE is an extension of Wardrop’s 1st  principle along the temporal 
dimension formulated by Ran and Boyce (1996). Peeta and Ziliaskopoulos (2001) provide a conceptual 
review of various DTA approaches. Route choice algorithms can be further grouped into two classes: 
preventive (Papageorgiou, 1990), which implicitly assume that traffic conditions in the network are 
predictable and travellers are aware of these conditions (e.g., by previous experience), and reactive, 
which assumes that traffic conditions in the network are not predictable (e.g., due to incidents, 
variability of demand, stochasticity of the traffic system).  

Friesz et al. (1993) proved that DUE solutions are reached through the implementation of the 
preventive route choice mechanism, combining experienced travel times with conjectures to predict 
temporal variations in flow and travel costs. A variety of solution algorithms have been proposed for 
solving a DTA problem to provide DUE solutions with preventive route choice decision making, from 
projection algorithms and methods of alternating directions to various versions of the method of 
successive averages (MSA) and gradient-based methods.  

Other DTA models that consider the modelling of reactive route choice decision making are those that 
model the process from the point of view of probabilistic theory and discrete choice modelling. 
Discrete choice models consider that the set of available routes for each traveller is a finite choice set 
of alternatives, each one with a perceived utility by the traveller (Ben-Akiva and Lerman, 1985). 
Examples of this could be perceived travel time or travel costs. In general, the utility for each 
alternative path can be considered a random variable consisting of a deterministic component, the 
measured utility, and an additive random error (i.e., perception error due to the lack of perfect 
information). The most used probabilistic models are Logit, modified Logit (C-Logit and Path-Size Logit), 
and Probit models (Cross-Nested Logit, Probit, Logit Kernel), and they depend on behavioural 
parameters that have to be calibrated. These models are used regularly in the recent literature: see, 
e.g., Yang (1999) and Yang et al. (2001) for Logit and Connors et al. (2007) and Uchida et al. (2007) for 
Probit. Probit models can account for partially overlapping routes and routes with significantly 
different lengths, while simple Logit models can not properly handle overlap and assume that all route 
costs are subject to the same level of stochasticity. However, Logit models have closed form solutions 
for choice probabilities, while Probit equilibria can only be determined using sampling techniques or 
numerical integration, and are therefore very computationally intensive.   

3.1.5 Validation of traffic models 

Validation is the iterative process to determine whether the simulation model is an accurate 
representation of the system under study (Barceló and Casas, 2004; Dowling, et al., 2004; Jeannotte 
et al., 2004). The calibration process has the objective of finding and fine-tuning the simulation model 
parameters that will produce a valid model. In order to do this, calibration and validation require 
sourcing adequate traffic field data in a particular area under consideration, filtering out the unreliable 
measurements, and completing the missing data. In addition, this process may require the availability 
of data that are not directly observable, such as transport demand expressed in terms of dynamic OD 
matrices. For example, macroscopic model calibration will focus on correct macroscopic traffic flow 
parameters such as fundamental diagram parameters (e.g., density at capacity, jam density). Macro-, 
meso- and microscopic models should use correctly estimated traffic demand (number of cars 
measured at on-street counting sites should be as close as possible to the counts in the traffic 
assignment), otherwise the OD matrix should be updated or the route choice model parameters 
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adapted. Microscopic models should include well calibrated driver behaviour parameters (desired 
headway to predecessor, lane change behavioural parameters, etc.). 

The calibration and validation of simulation models is still a major challenge in the use of simulation 
for practical purposes. This is particularly true in the case of microscopic traffic simulation models that 
combine high level of uncertainty of the modelled system with a large number of parameters. 
Consequently, calibration and validation have attracted the attention of many researchers (Bayarri et 
al., 2002, 2012; Kuwahara et al., 2002; Dowling, Skabardonis, Halkias, et al., 2004; Hollander and Liu, 
2008; Ciuffo and Lima Azevedo, 2014) and governmental agencies (Dowling et al., 2004). Dowling et al. 
(2004) provided guidelines on calibration and validation structured in four stages: error checking, 
capacity calibration, route choice calibration, and performance validation. Error checking today is a 
straightforward process as most available commercial traffic simulation software provides advanced 
user-friendly graphic user interfaces to assist analysts in the model building process. Increasing effort 
has been put into capacity calibration to produce more realistic simulation outcomes, resulting in a 
variety of approaches that use, for example, well known trajectory data (Rakha et al., 1996; Wilson, 
2001; Choudhury et al., 2007; Punzo and Tripodi, 2007). Route choice calibration has been studied by 
many researchers (Janson, 1991; Mahut et al., 2004; Liu et al., 2005; Barceló and Casas, 2006; Fox, 
2008). Other calibration and validation methodologies in the field of traffic flow simulation can be 
found in the literature (Ossen et al., 2006; Zhou and Mahmassani, 2006; Ossen and Hoogendoorn, 
2008; Punzo et al., 2014; Rocha et al., 2015; Toledo et al., 2015).  

Observed and collected traffic datasets that are statistically significant and provide good coverage of 
the use cases area are a prerequisite for the calibration and validation process. Calibration data 
consists of measures or observations of road capacity, traffic counts, and observations of system 
performance such as travel times, speeds, delays, and queues. Capacities can be gathered 
independently of the traffic counts (except during adverse weather or lighting conditions); however, 
travel times, speeds, delays, and queue lengths must be gathered simultaneously with the traffic 
counts to be useful in calibrating the model. Traffic counts and speed data can be collected from loop 
detector data provided by traffic management centres or from road cameras or Bluetooth stations. 
The best source of point-to-point travel time data is “floating car data”, which acts as an advanced 
vehicle location and identification system. As a result, a traffic network model calibrated and validated 
against various traffic data, not only traffic counts, will ensure high predictive ability as it replicates 
congestion, route choice decisions and travel times in the network to an acceptable level.  

The following measures are commonly used to ensure a good network model validation: Root Mean 
Square Normalized Error (RMSNE), Correlation coefficient (R-squared), and/or GEH statistic. These 
performance measures represent the most common goodness-of-fit measures in traffic engineering 
and transport planning practice, where a coefficient of correlation of 0.85 is considered acceptable for 
model calibration. For more technical guidelines on the calibration and validation process of the traffic 
network simulation models we refer to Dion et al. (2012) and Antoniou et al. (2014). 
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3.2 Airport access-egress modelling: system description  

The access-egress system will be modelled in the Aimsun Next traffic simulation software by using two 
categories of elements: 

• supply defines the infrastructure and services that allow goods and people to travel, and will be 
coded as a graph of sections and turns with associated attributes; 

• demand represents the mobility needs of the travellers and will be coded as OD matrices that 
define the number of trips from each generation zone to each attraction zone. 

3.2.1 Supply 

Supply includes all the information related to the transport network and services, including: 

• geometric and functional specification of the road network; 

• traffic control; 

• public transport services; 

• traffic management policies. 

3.2.1.1 Network geometry 

The road network geometry is described as a graph composed of sections and nodes.  

• A section is a group of contiguous lanes where vehicles move in the same direction. The partition 
of the traffic network into sections is usually governed by the physical boundaries of the area 
and the existence of turning movements. In an urban network, a section corresponds closely to 
the road from one intersection to the next. In a freeway area, a section can be the part of the 
road between two ramps. The attributes of a section include the road shape, the number of 
lanes, the reserved lanes, pedestrian crossings, speed limits, etc. 

• A node is a set of turning movements from one section to another. The attributes of a node 
include the speed limit, the shape of the turning movements, traffic signals, etc.  

Figure 2 shows an example of sections and nodes used in the Aimsun Next platform. 

 

Figure 2: Example of road sections and node in Aimsun Next 
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The process of coding the network uses as basis a file in one of the following formats imported into 
the Aimsun Next simulator: 

• aerial images, such as PNG, JPG, etc.; 

• 3D models, such as 3D Studio 3DS and Wavefront OBJ; 

• CAD, such as AutoCAD DWG or DXF and Microstation DGN; 

• GIS, such as ESRI SHP, MapInfo TAB or MIF, OpenGIS GML, GPX and Google KML; 

• digital maps, such as Navteq maps files and OpenStreet maps; 

• input files from other transport modelling or signal optimisation software applications. 

 

 

Figure 3: Section attributes in Aimsun Next 

3.2.1.2 Traffic control 

Traffic control plans during the simulation period are needed for all signalised intersections and for 
any ramp metering included in the model. Traffic signals can be fixed (i.e., they can be defined in 
advance and remain unchanged during the simulation period) or actuated, whereby the control plan 
is dynamically modified depending on measured traffic conditions. 
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For each fixed control plan, Aimsun Next requires the following information: 

• start time and duration of the control plan; 

• cycle length; 

• amber/yellow duration; 

• turnings associated to each signal group (including pedestrian movements); 

• timing of each signal group; 

• offset relative to other control plans. 

Actuated control plans can be modelled using virtual detectors, which are the simulation equivalents 
of real-world loop detectors or other similar devices. As for the control logic, this can be specified in 
Aimsun Next if the real controller is compliant to the National Electrical Manufacturers Association 
(NEMA) standard. The control logic can be emulated by programming a custom API (Application 
Programming Interface) extension which exchanges data between Aimsun Next and the software 
implementation of the corresponding controller logic. 

3.2.1.3 Public transport 

The public transport system is modelled by defining: 

• the route of each line; 

• the stop locations; 

• the departure frequency or the timetable; 

• stop time (mean and deviation). 

The process of importing the public transport data is based on importing General Transit Feed 
Specification (GTFS) files provided by service operators. 

3.2.1.4 Traffic management policies 

Traffic management policies are actions that change the supply during the simulation, such as traffic 
control policies for giving priority to the public transport, reversed lanes, control access, etc. The set 
of actions available in Aimsun Next is shown in Figure 4. 

 

Figure 4: Traffic management actions in Aimsun Next 
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3.2.2 Traffic demand 

Traffic demand is expressed in number of trips and captures the distribution of trips between the 
various origin and destination nodes. 

The elements to characterise traffic demand are: 

• Vehicle fleet characteristics: traffic demand is composed by a mix of vehicle types with different 
attributes (vehicle occupancy, vehicle length, etc.) that shall capture the proportion of each 
vehicle type using the road network. 

• Transportation analysis zones (TAZ): a TAZ is a geographical unit used in travel demand models. 
Each TAZ is represented in a traffic simulation model as a centroid. A centroid is a source and/or 
a sink of trips and is connected to the network using connectors. 

• Origin-Destination (OD) matrices: traffic demand is defined as an OD matrix per time slice and 
vehicle type. Each OD matrix represents the number of trips from one origin to one destination, 
with origins and destinations represented as centroids or TAZs. 

3.3 Data sources and data analytics specification  

3.3.1 Data requirements 

Two major factors often drive data requirements: developing an accurate graph representation of the 
existing transport network elements and ensuring that simulated and/or predicted flows replicate 
observed behaviour. The data required to build the access and egress models for each use case in 
IMHOTEP can be classified into the following categories:  

• Network geometry – Data describing various geometrical aspects of the use case area, such as 
the location of intersections, road widths and shapes, slopes, the number of lanes on each 
section, equipment used for monitoring traffic performance, etc.  

• Demand – Data, expressed in number of trips, capturing distribution of trips between the 
various origin and destination nodes. Rules followed by travellers to select a path within a 
network may also be included in this category.  

• Traffic control – Data characterising the operation of traffic signals and ramp meters, priority 
schemes for transit vehicles at signalized intersections, etc.  

• Transit operation – Data characterising the operation of public transport, such as transit routes, 
vehicle composition, stop locations, service schedule. 

• Network traffic state and performance – Data characterising how traffic behaves along roadway 
elements, such as volumes, speeds, travel times, location of bottlenecks, etc. Data should be 
collected for all critical time periods being studied, e.g., AM peak, Midday peak, PM peak, event-
based. 

Table 1 lists the data required for each of the previous categories. 
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Table 1: Overview of data required for building the use cases’ network models in IMHOTEP 

Data Category  Data Sub-Category  Data items 

Network geometry Road geometry 
elements  

• Road/section shape, length, curvature and slope  

• Road category 

• Number of lanes  

• Purpose of lane (general traffic, HOV vehicles, managed lane, etc.)  

• Allowed turnings directions at the node 

• Lane utilization: turnings from lane to lane (through lane, left-turn lane, 
etc.) 

• Pedestrian crossings 

• Placement of traffic signs along roadway links  

• Node/intersection layout 

Basic Functional 
parameters 

• Section maximum speed 

• Section Capacity 

• Section user defined costs 

• Turn maximum speed 

Traffic Monitoring  • Location and type of traffic sensors  

Traffic control Intersection control  • Type of intersection control (stop sign, yield sign, traffic signals)  

• Type of traffic signal control (fixed time, actuated, traffic responsive)  

• Signal timing plan (start time, cycle length, yellow, phases, green)  

• Arterial signal coordination plan (offset relative to other control plans) 

• Data interchange interface for actuated and adaptive control plans 

Ramp metering • Type of ramp meter  

• Metering plan  

• Location of traffic sensors  

Demand Vehicle fleet 
characteristics  

• Vehicle mix  

• Truck percentages and/or volumes  

• Vehicle occupancy  

Traffic zones  • Zone boundaries 

• Centroids and connectors  

Travel patterns  • OD flow matrices  

• Network entry flows, if OD matrices are not used  

• Mode shares (only if for models including transit or non-vehicle 
modes)  

Freeway traffic patterns  • Freeway mainline counts  

• Freeway ramp volumes  

Arterial traffic patterns  • Link counts along major arterial segments  

• Intersection turning counts 

Transit operations Public transport data • Transit routes (ideally GPS based, GTFS file) 

• Stop locations 

• PT Service schedules and headways (including stop-time mean and 
deviation) 

• Fleet size and composition 

• Signal priority scheme 

Network 
performance 

Traffic state and 
behaviour  

• Volume, speed and occupancy data from mainline loop detector 
stations, on-ramps, off-ramps, tube counts  

• Travel times along major arterial segments  

Bottlenecks  • Time bottleneck stations  

• Location and extent  

• Cause of bottleneck 
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3.3.2 Data analytics on traffic data 

While the modelling of network geometry is relatively straightforward, the calibration and sensitivity 
analysis of the simulation model imposes more complex data collection needs as traffic flows 
continuously fluctuate. In many cases, observations from a single day and/or single data source may 
not be sufficient to adequately calibrate and characterise traffic flows and typical driver behaviour. As 
a consequence, model calibration requires a pre-processing of the traffic data to ensure its reliability 
and consistency. 

The data analytics involved in the preparation of the traffic data for the simulation process can be 
divided in three blocks: 

• Data exploration, cleansing and pre-processing 

• Pattern generation 

• Pattern matching 

The three blocks have the objective of gathering data from heterogeneous sources, homogenise them, 
increase data quality, extract mobility patterns, and train a model that predicts the right mobility 
pattern according to the context. 

3.3.2.1 Data exploration, cleansing and pre-processing 

The goal of data pre-processing is to standardise and pre-process the data to increase its quality and 
give insights about its quality in the time-space domain. The data pre-processing workflow is depicted 
in Figure 5. 

 

Figure 5. Data pre-processing workflow 

The process comprises three main steps: 

1. Standardisation. There is no common standard used by all traffic data providers/owners and 
most use their own proprietary standard. This requires a data adaptor that converts received 
data to Aimsun Next’s internal standard. 

2. Low-band filtering and outlier removal. Once data is standardised according to the Aimsun Next 
platform guidelines, it is necessary to increase its quality by filtering noise, outliers, and 
inconsistencies. This process is designed as a stack of layers that perform outlier detection and 
low-band filtering, but at different time resolutions. This allows the system to detect and remove 
different kind of inconsistencies or measurement errors. 
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3. Data interpolation (or data imputation). It aims to estimate the value of missing data points. 
The process consists of various stacked methodologies that estimate missing values in different 
contexts, e.g., from short gaps to long periods of missing values, or from single sensor missing 
values or network-wide missing values. The justification of the layered architecture is twofold: 
(i) successively estimate values from easy contexts to the most challenging ones and (ii) obtain 
accurate estimation of the quality of each data point. The latter is a key output so processes that 
use the clean dataset have accurate knowledge of data quality. Moreover, data quality 
traceability is a key insight for the user, even to decide if the project can go on or not. As an 
example, data quality is represented as heatmaps as in Figure 6. 

 

Figure 6. Example of data quality heatmap 
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Figure 7 shows an example of low-band filtering and small-gap interpolation. 

 
Figure 7. Data pre-processing example 

3.3.2.2 Pattern generation 

Pattern generation consists in extracting mobility patterns from traffic data (usually flow, speed and 
occupancy data). The problem is tackled as a clustering problem with the objective of finding groups 
of daily profiles and estimating the exemplar that best represents each group. This approach is 
opposed to calculating patterns by grouping profiles according to descriptors such as day of the week. 
The proposed approach lets groups emerge from data without any prior information. Figure 8 shows 
an example where many flow profiles are reduced to a few exemplars using clustering. 

 

Figure 8. Traffic patterns example extracted from daily flow profiles, using a clustering approach 

The right number of clusters and the right exemplars depend on each project and there is no single 
methodology that outperforms all the others in all cases. Different configurations shall be evaluated, 
in order to determine: 

• Similarity metric: Euclidean distance or any other similarity metric. 

• Clustering algorithm: hierarchical clustering, k-means, density-based clustering 

• Number of clusters (if the algorithm requires it) 

• Methodology to calculate the exemplar (pattern) of each cluster 
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Clustering algorithms can also be used to detect outliers. Therefore, the user can even choose what 
clusters are useful to later simulate mobility. 

For easing the analysis of pattern generation, different outputs are produced: 

• Pattern calendar (as shown in Figure 9) 

• Patterns composition (as shown in Figure 10) 

• Heatmap of the accuracy achieved with the set of patterns (as shown in Figure 11) 

• Patterns similarity matrix (as shown in Figure 12). 

 

Figure 9. Pattern calendar 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

36 
 

 

 

Figure 10. Pattern composition 

 

Figure 11. Heatmap of the accuracy achieved by the patterns 
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Figure 12. Pattern similarity matrix 

3.3.2.3 Pattern matching 

Extracting patterns from data instead of calculating them from groups that depend on type-of-day 
descriptors convey the problem of deciding (or predicting) the right pattern at each time. This problem 
is tackled by the pattern matching process. Thus, pattern generation and pattern matching are tightly 
linked processes, as shown in Figure 13. 

 

Figure 13. Pattern generation and matching 

The pattern matcher is a model based on random forests that learns to predict the right pattern at 
each time using observations of the day (traffic measurements such as flow) if available, and day 
features such as day of the week, holidays, and any other exogenous variables such as weather or 
special events. 

Random forests have been chosen as the basis of the pattern matcher due to the flexibility of decision 
trees and their ability to deal with different feature topologies and scales (e.g., real variables, binary 
variables). Random forests are an ensemble of decision trees from which predictions are averaged in 
order to return a single prediction for the ensemble. Random forests outperform decision trees by 
solving their main weakness: the great variance (or low robustness) of the predictions due to 
overfitting. The flexibility of decision trees makes them prone to overfitting and therefore they 
generalise poorly to new observations. Moreover, decision trees highly depend on the order of variable 
selection and splitting points used in the decision nodes. Random forests solve these problems by 
averaging many weak learners, i.e., not fully developed trees. The use of weak learners drastically 
reduces variance, i.e., improves generalisation, but usually increases bias, which can be understood as 
the base error of the prediction for already seen and unseen data. Nevertheless, random forests 
achieve variance reduction without increasing bias by averaging the prediction of complementary 
weak learners. As a consequence, random forests have become one of the top machine learning 
methodologies for supervised learning. 

4 5 6 7 8 9 10 11 12 13 14

4 100 56.89103 75.57748 79.33245 99.07714 60.78139 89.8099 69.31919 33.18966 48.81742 79.75519

5 56.89103 100 42.25519 78.12224 55.91291 79.27166 66.02288 56.4821 69.23353 97.51879 72.91943

6 75.57748 42.25519 100 59.49381 75.30946 41.94573 67.9874 47.25077 33.30294 33.63174 59.71209

7 79.33245 78.12224 59.49381 100 76.07482 81.36881 87.86748 61.80648 47.04631 67.58123 97.57405

8 99.07714 55.91291 75.30946 76.07482 100 61.32571 89.04454 68.72513 34.91379 49.35069 74.47226

9 60.78139 79.27166 41.94573 81.36881 61.32571 100 73.42783 61.16545 61.7153 79.60046 75.105

10 89.8099 66.02288 67.9874 87.86748 89.04454 73.42783 100 64.7132 43.34936 60.28957 83.54056

11 69.31919 56.4821 47.25077 61.80648 68.72513 61.16545 64.7132 100 41.15827 54.45402 60.84494

12 33.18966 69.23353 33.30294 47.04631 34.91379 61.7153 43.34936 41.15827 100 78.67208 43.7279

13 48.81742 97.51879 33.63174 67.58123 49.35069 79.60046 60.28957 54.45402 78.67208 100 61.06046

14 79.75519 72.91943 59.71209 97.57405 74.47226 75.105 83.54056 60.84494 43.7279 61.06046 100
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4. Reconstruction of the access and egress 
itineraries 

To complement and enrich traditional model calibration and validation approaches based on traffic 
data, IMHOTEP proposes a novel approach based on the reconstruction of the activity-travel diaries 
(ATD) of the airport users (including passengers, but also workers and other short-time visitors). The 
reconstruction of the ATDs is based on data analytics techniques that fuse and analyse data from 
different sources, with the objective of obtaining an accurate and reliable reconstruction of the 
travellers’ journey. The data sources employed include mobile phone data, flight schedules, passenger 
surveys, bus ticketing data, air passenger boarding pass data and mobile apps data.  

In the proposed approach, first the ATD for all the airport users are obtained, and then information 
extracted from these ATDs are used for calibrating the model. The ATD is the list of activities and trips 
performed by each user. For each activity, the position and the start and end time are indicated, 
together with other attributes such as the type of activity (e.g., home, work, etc.). Each trip consists of 
one or more legs (or stages) and intermediate stops; each leg is characterised by the start and end 
times and locations and the transport mode used for that particular leg. Additionally, the ATD contains 
information associated to the user's sociodemographic profile (age, gender, nationality, etc.) as well 
as on other trip attributes (stay duration, destination, trip purpose, etc.). For the purpose of calibration 
and validation, two kinds of information will be extracted from the ATDs: 

• OD matrices will be used to reconstruct the demand patterns and the background traffic within 

the access and egress simulation model. 

• Travel times: ATDs provide information regarding the origin/destination area from/to the airport 

as well as the times at these areas and the airport terminal. This information will be used to 

compare the travel times from/ to the different zones depending on the type of vehicle used 

with the ones extracted from the model. 

It is worth noting that, although this document comprises only the development of the access and 
egress model, the reconstruction of passengers’ ATDs encompasses both the passenger terminal 
trajectory and the access and egress legs. In this deliverable, the entire methodology is presented; 
however, for the calibration and validation of the access and egress model only the information 
extracted from the access and egress legs is used. Due to the delay in the access to mobile network 
data from the UK, at this stage the proposed approach has only been implemented for one of the two 
case studies, the one conducted for the PMI Airport. The LCY access-egress model will be initially 
validated by using the available data. The full validation approach will be implemented once all the 
required dada becomes available. 

In next sections, the data analytics methodology implemented for the reconstruction of the passenger 
ATD is described.  

4.1 ATD reconstruction methodology 

The approach followed for reconstructing the ATD relies on the fusion of different data sources. The 
reconstruction of ATD is performed not only for passengers, but also for other airport users such as 
airport workers and short-time visitors. However, being some steps of the process only applicable to 
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passengers, the term ‘Passenger ATD’ is uses in different parts of the following sections. As discussed 
in deliverable D2.2 ‘Specification of case studies’, the period of interest for the PMI case study is 
summer 2019. Therefore, the proposed methodology has been used to reconstruct the ATDs of airport 
users in July and August 2019. 

The steps that have been followed to obtain the complete ATD are shown in Figure 14. The process is 
described for the case of users accessing the airport; the process for users egressing the airport would 
be analogous. 

 

Figure 14: Passenger ATD reconstruction steps 

• Basic ATD. The basic ATD is built using anonymised mobile network data. The reason is that these 
data provide a large, well-distributed sample of airport users and that it captures their door-to-
door trajectory, thus being ideal to be used as primary source of information for reconstructing 
the complete ATD. The information contained on the diary includes: 

o User profile: 

▪ Nationality 

▪ Place of residence (at municipality level) for the national users. 

▪ Age and gender of the users (just available for national users) 
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▪ Type of airport visitor: passenger, worker, professional driver (e.g., taxi driver) or 
other kind of visitor. For users other than passengers, only the access/egress leg is 
reconstructed, as they are not included in the terminal simulation. 

o User itinerary: the Basic ATD contains information regarding the user previous activity 
(time and location), the arrival time at the airport terminal and, in the case of passengers, 
the approximated flight departure. 

o Trip characteristics: for passengers, the ATD also indicates: 

▪ Whether the passenger is departing or arriving (in the case we are describing, we 
are focusing on departing passengers). 

▪ Whether it is the passengers‘ go or return trip. 

▪ The airport of origin or destination depending if the passenger is arriving or 
departing. 

• Adjusted basic ATD. The basic ATD obtained in the previous step is adjusted to the total number 
of passengers using the airport flight schedules. The objective of this step is twofold: 

o To adjust the number of trips detected with mobile phone data to the real number of 
passengers registered at the airport. 

o To assign to each detected passenger a real flight and the information attached to it, such 
as flight departure, flight number, destination and gate. 

• Enhanced trip characterisation ATD. Once obtained the adjusted basic ATD, information extracted 
from passenger surveys is used to estimate the purpose (business or leisure) of the air trips 
detected with mobile phone data. In order to accomplish this task, a machine learning model has 
been calibrated using the information captured by the passenger surveys and has been later on 
applied to the trips detected from mobile phone data. 

• Enhanced surface access and egress leg ATD. Passenger surveys and machine learning techniques 
are used to extract meaningful information regarding the transport modes used by passengers to 
access and egress the airport terminal in order to add this feature to the trips detected with mobile 
phone data. Ticketing data available from public transport systems are used to validate the results 
obtained by the machine learning models. 

• Enhanced group information ATD. A mixed approach that analyses passenger surveys and mobile 
phone data is used to extract meaningful information regarding the travelling groups. Potential 
groups are extracted using mobile phone data by clustering passengers with similar trip 
characteristics. Then, those potential groups are subdivided depending on the group size 
distributions observed in the passenger surveys based on different characteristics of the 
passengers. The output of this process is information about the group size, as well as individual 
identifiers of the group and the vehicle used. 

• Enhanced passenger terminal itinerary ATD. Finally, data from the boarding card reader at the 
security control arrival and mobile apps location data are used to reconstruct the passenger 
itinerary. 

o Data on the passenger’s arrival to the Boarding Card Reader (BCR) located at the 
beginning of the security control is used to estimate the passenger arrival to the control. 

o Mobile apps location data is used to reconstruct intermediate stops within the airport 
terminal and the time spent at the security control, the arrival time and time spent at the 
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passport control, the use of the commercial and catering areas, and the use of the 
baggage claim area. 

The methodology proposed to accomplish the presented approach is schematised in Figure 15. For 
describing the proposed process, the example of the PMI case study has been used. Since the activity 
within the terminal is not relevant to the validation of the traffic simulation models, the following 
sections will only deal with the Enhanced trip characterisation ATD and the Enhanced passenger access 
and egress leg ATD; readers interested in the reconstruction of the terminal itineraries are referred to 
deliverable D4.1 ‘Passenger Terminal Process Simulation Module’. 

 

Figure 15: Passenger ATD reconstruction methodology 

4.2 Data sources for the reconstruction of passenger ATD 

4.2.1 Mobile phone data 

The IMHOTEP project has access to anonymised mobile network data provided by Orange Spain and 
Vodafone UK. In this document we will focus on the data available from Orange Spain, which is the 
data used for the PMI case study; however, most of what is explained is also applicable to Vodafone 
UK data and the LCY case study. The data provided by Orange Spain includes three types of data: 

• Network events, including: (i) Call Detail Records (CDRs), generated for billing purposes, which 
register the location of the user when a mobile phone connected to the network makes or 
receives a phone call or uses a service; (ii) network probe data, recorded for network 
management purposes, which register the location of the user on a periodic basis, thus 
increasing the temporal resolution of the CDRs. For each registered event (be it a CDR or a 
network probe register), the data indicates the network cell where the user is located at the 
moment the event is registered. This means that the data does not allow us to know the exact 
location of the user, but it provides the antenna to which the user is connected, so we know that 
the user must be located within the coverage area of such antenna. 

• Network topology: these data provide information on the topology of the network (location of 
the towers, orientation of the antennas, etc.), which allows us to estimate the coverage area 
corresponding to each cell. The spatial granularity of the data is therefore determined by the 
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density of antennas deployed in each area, leading to a location accuracy of a few dozens or 
hundreds of metres in urban areas and several kilometres in rural areas. 

• Sociodemographic data: age, gender and nationality of Orange clients, and nationality of their 
mobile network operators for roamers. 

These data are recorded for all Orange Spain clients, which account for around 25% of the total Spanish 
population. The data also includes the registers generated by foreign visitors that connect to Orange 
Spain network (roaming-in data), as well as the CDRs generated by Orange clients when they travel 
outside Spain (roaming-out data). 

4.2.2 Flight schedules 

Both the PMI and LCY airports have provided detailed information on the flights with origin or 
destination in the airport and on the number of passengers in each flight. The information used in the 
study is summarised in the table below:  

Table 2: Flight schedule data 

Field Description 

Direction Information regarding if the flight is an incoming or departing flight 

SOBT/SIBT Scheduled Off/In-Block time, depending if it is an arriving or departing flight 

EOBT/EIBT  Estimated Off/In-Block time, depending if it is an arriving or departing flight 

Type Flight type (regular, charter, training, ambulance, etc.) 

Destination/origin IATA code of the airport of destination/origin 

Gate Allocated gate to the flight within the airport 

Pax number Real number of passengers attending the flight 

4.2.3 Passenger surveys 

Both airports have provided the surveys conducted to the passengers using the respective airports. 
These surveys ask travellers about different characteristics of their trips (such as the destination 
airport, the purpose of the trip, the duration of their stay, etc.) as well as about their sociodemographic 
profile (age, gender, level of studies, etc.). The surveys available at each airport are the EMMA surveys 
for Palma de Mallorca; and the CAA and ASQ surveys at London City.  

4.2.4 Public transport data 

Supply and demand data for the public transport services connecting the airport with its catchment 
area have been collected.  

Supply information includes data about routes, frequencies, stop location, and GPS trajectories of the 
fleet.  
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In the case of Palma de Mallorca, demand data has been provided by EMT, which is a partner of the 
IMHOTEP Consortium. The information covers the aggregated user demand of the EMT bus routes 
serving the Palma de Mallorca airport (A1: from Palma city centre and A2 from S’Arenal beach) per 
hour and direction (to and from the airport). 

In the case of London, demand data has been provided by Transport for London, which is part of the 
project’s External Experts Advisory Board. The information includes data on the rail-based network as 
well as the two bus lines serving the LCY airport (473 and 474). The demand is aggregated every 15 
minutes and includes the boarding and alighting on each of the public transport stops. 

4.2.5 Boarding Card Reader (BCR) data 

The Boarding Card Reader data consists of a set of registers captured when the passenger presents its 
boarding pass at the BCR located at the beginning of the security control process. The data fields for 
the dataset provided by the PMI airport are described below. 

Table 3: BCR dataset fields 

Field Description 

ID_LECTOR Boarding card reader ID 

ID_ACCION  BCR system response (0 = Accepted) 

FECHA_EVENTO Passenger at BCR timestamp 

FPREVS Scheduled Off Block Time (SOBT) of the flight 

CDOCIAS Airline IATA code 

NUMVUES Flight number 

ASIENTO Passenger’s seat 

DESTINO IATA code of the airport of destination 

FESTIMA Estimated Off Block Time (EOBT) of the flight 

PNR_CODE Passenger identification code 

FAST_TRACK Passenger with fast track (Y/N) 

CDPTA Flight gate 

4.2.6 Mobile app data 

The mobile apps data collected by the project consist of a set of geolocated information generated 
when mobile phones make use of certain apps. Location data is based on GPS and/or Wi-Fi sensors, 
thus providing a more precise location than the mobile network data described in section Table 4. The 
data have been acquired from Pickwell, a company specialised in the collection and aggregation of 
mobile location data. 

Table 4: Mobile app data fields 

Field Description 

timestamp Date and time when the location data was generated 
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device_id Mobile phone identifier 

latitude Latitude coordinate 

longitude Longitude coordinate 

location_method Method used for the mobile phone location 

 
As opposed to mobile network data, continuous monitoring of devices cannot be performed, as the 
data are only generated during certain intervals in which the user is making use of specific apps. 
However, this data is particularly useful to reconstruct detailed passenger trajectories inside the 
terminal area. 

4.3 Data analytics techniques for ATD reconstruction 

4.3.1 Basic ATD calculation from mobile phone records 

The processes required to extract the Basic ATD from mobile network data are the following:  

1. Data cleansing and pre-processing. Several data cleaning processes are applied to the 
anonymised data received from the mobile network operator in order to prepare the data for 
its analysis and detect and correct errors that could affect the quality of the final results. An 
example of a typical error is the incorrect positioning of certain antennas: in some cases, the 
error may be evident (e.g., towers located in the sea), but in other cases these errors may not 
be that obvious; algorithms based on the sequence of antennas to which a user is connected 
and their spatio-temporal consistency are applied to automatically identify these cases and 
correct the information. 

2. Sample selection. This consists in filtering the original data to retain only a subset of users from 
whom it is possible to extract useful information about their daily activities and trips. The 
selection of these users is based on a set of criteria related with their mobile phone activity, 
which shall be enough to determine their mobility patterns with an adequate level of accuracy 
and reliability. As an example, if a mobile phone is turned off or runs out of battery during most 
part of the day, the user is filtered out from the sample for that specific day, as it will not be 
possible to determine his/her activities and trips during that period. However, if that user has 
disappeared at an airport and appears one day after at the same airport, he/she has probably 
travelled abroad and shall be kept in the sample 

3. Identification and classification of stays. Those locations where the users spend a certain 
amount of time are labelled as stays. Once stays are identified, they are classified as activities or 
intermediate stops. An “activity” is defined as an interaction or set of interactions with the 
environment that takes place in the same location and motivates an individual to move there. A 
“trip” is defined as a sequence of one or more displacements (“stages” or “legs”) between two 
consecutive activities. A “stop” is defined as the stay that occurs between two legs of stages of 
a trip. The classification of the stays into activities and intermediate stops is based on various 
criteria related to the duration of the stay, the place where the stay takes place, and the previous 
and subsequent stays: for example, a 1-hour stay at the airport preceded by a displacement 
from the user’s place of residence and followed by a flight must correspond to a stop; an 8-hour 
stay at the airport preceded by a displacement from the user’s place of residence and followed 
by another displacement to the user’s place of residence must correspond to an activity (in this 
case, most likely work). 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

45 
 

 

4. Activity characterisation. A longitudinal analysis of the behaviour of the mobile phone users 
allows us to identify the locations that correspond to home, work and other activities.  

5. Identification of transport mode. The location of activities, stops and intermediate positions 
along a trip are compared with the topology of the transport network and the schedule of 
transport services to infer the transport mode used by the traveller, by means of map matching 
techniques. However, the validity of this approach is limited to long-distance trips (e.g., to 
distinguish between trips performed by air and by long-distance rail): for short trips, it may 
happen that mobile phone records only exist at the origin and the destination or that two 
different modes generate similar sequences of registers. This is particularly problematic in urban 
areas, due to the density of the transport network and the coexistence of different transport 
services: even when intermediate registers are available, for certain origin-destination pairs the 
travel times and the user trajectories for different transportation modes (e.g., car, bus and 
bicycle) can be very similar, which may make it impossible to identify transport mode in a reliable 
manner. In these cases, other approaches based on data fusion are needed to segment travellers 
by transportation mode, as described in section 4.3.5. 

6. Sample expansion. Finally, the activity-travel diaries obtained for the selected sample are 
expanded in order to have a realistic estimated of the total population of travellers. The sample 
of Spanish residents, formed by Orange Spain clients, is expanded by means of expansion factors 
based on the user’s home location and sociodemographic profile, using the data from the 
Spanish census. The sample of foreign visitors, formed by roaming-in users, is expanded using 
the tourist and visitor statistics published by the Spanish National Statistics Institute (INE), which 
provides the total number of monthly foreign visitors in Spain depending on the visitor’s 
nationality, point of entry and length of stay in the country. 

For a more detailed description of each of the previous subprocesses, interested readers are referred 
to Romanillos et al. (2021). 

4.3.2 Passenger adjusting with flight schedules 

The objective of this process is twofold: 

• to adjust the number of passenger trips estimated with mobile phone data to the real number 
of passengers registered at the airport;  

• to assign each passenger to a flight and the information attached to it, such as flight departure 
time, destination and gate. This information will be later on used to infer different passengers’ 
characteristics and reconstruct the passenger itinerary within the terminal. 

4.3.2.1 Sample of PMI airport passengers detected with mobile phone data 

From the schedules provided by AENA for July and August 2019, it can be seen that regular flights 
represent 89.90% and 89.79% of the total volume of flights in July and August, respectively, while 
charter flights represent 9.95% and 10.07%, respectively. The rest of flights, which comprise other 
categories such as ambulance, cargo, training, etc., only represent 0.15% and 0.14%, respectively. 
Therefore, for simplification purposes, just regular and charter flights have been considered. 
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Figure 16: PMI flights distribution according to the flight type 

Table 5 presents the size of the passenger sample obtained from mobile phone data in the PMI airport 
during summer 2019. 

Table 5: comparison between total number of passengers of the PMI airport and the sample of passengers 
detected with mobile phone data 

Month 
Number of total 

passengers 
Number of passengers included 

in the mobile phone data sample 
Sample size 

July 2019 4,199,919 461,802 10.99 % 

August 2019 4,275,063 470,471 11.01 % 

4.3.2.2 Adjustment of passenger data 

As previously mentioned, the sample of mobile phone users is initially expanded using census data for 
national users and tourist movement data for foreign users. This process is required in order to 
compensate for potential biases in the mobile phone data sample in terms of overrepresentation or 
underrepresentation of certain types of users, depending on the market penetration of the mobile 
operator in different regions, among different sociodemographic profiles, etc. 

Once the previous sample expansion process is conducted, the resulting data is adjusted using the total 
number of passengers per flight provided by AENA. The approach followed to perform this adjustment 
is described below: 

• First, a set of possible flights is assigned to each of the passengers detected with the mobile 
phone data. For domestic flights, information about the airport of origin/destination is available, 
so flights to/from that airport are searched out. For international flights, if the passenger is an 
Orange customer with residence in Spain, we also have information about the airport of 
arrival/departure, thanks to roaming-out registers, so flights to/from that airport are searched 
out. In the case of foreign users, we do not have access to information regarding the airport of 
origin/destination, so it is assumed that the passenger is flying to/from its country of origin; 
therefore, flights from/to that country are searched for, and only in the case of not finding any 
possible flight, flights to/from other abroad destinations are checked out. 
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• When trying to match a passenger with a flight, the information available from mobile phone 
data is the last register at the airport terminal, while from the flight schedules is the Estimated 
Off-Block Time (EOBT). Therefore, there may be a difference between these two times. For 
example, if the passenger disconnects the mobile phone before boarding, the time of the last 
register will be previous to the EOBT; if the passenger uses its mobile phone after the plane 
leaves the stand, during taxi or before taking off, we will observe registers after the EOBT. Having 
this in mind, at the time of searching for a flight a time gap is constructed from the last terminal 
register in order to find all possible flights within the defined time slot. 

• Once possible flights are assigned to each passenger, a flight selection process is performed in 
order to choose the most likely flight for each passenger. To this end, the time difference 
between the flight time and the last register of the passenger within the terminal is taken into 
account, as well as the total number of passengers per flight. The process is the following: 

o Passengers are divided into those that have been detected at their origin or destination 
and those who have not been detected at their origin/destination.  

o We first assign the passengers that have been detected at their origin/destination, and 
then the same process is performed for the rest of the passengers. If the passenger only 
has one possible flight, he/she is assigned to that flight. For passengers with more than 
one flights compatible with the observed registers, an iterative process is performed in 
which the probability of the passengers (𝑝𝑝) to be assigned to one single flight (𝑓𝑖) is 

proportional to: 

𝑝𝑝→𝑓𝑖
= 𝑃𝑟𝑒𝑎𝑙𝑖

2 /𝑃𝑎𝑠𝑠𝑖𝑔𝑖
 , 

where 𝑃𝑟𝑒𝑎𝑙𝑖
 is the real number of passengers on the flight 𝑖 (according to the flight 

schedules) and 𝑃𝑎𝑠𝑠𝑖𝑔𝑖
 is the number of passengers already assigned to that flight 𝑖. 

• Finally, the users’ expansion factors are adjusted using the ratio between the passengers 
assigned to each flight and the real number of passengers in that flight. 

For a small subset of flights, we do not find any user which can be assigned to those flights. However, 
as presented in Table 6, they represent a small percentage of the total number of flights. 

Table 6: Flights for which no passengers are identified in the mobile phone data sample 

Month 
Total number of 

flights 
Number of flights with no 

passengers assigned 
Percentage of flights with 

no passengers assigned 

July 2019 26,314 681 2.59 % 

August 2019 26,500 555 2.09 % 

4.3.3 Validation of the basic ATD with passenger surveys 

Once the total number of trips detected with mobile phone data has been adjusted to the total number 
of trips performed at the PMI airport, the EMMA passenger surveys performed by AENA at the PMI 
airport are used to validate the results obtained. The validation process consists in extracting a variety 
of indicators from both data sources and comparing them to verify that the results achieved with 
mobile phone data are consistent with the ones observed in the surveys. 
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4.3.3.1 Sample size and distribution 

One of the major advantages of using mobile phone data to analyse the mobility of the population is 
the large sample size, which enables the observation of a higher variety of behavioural patterns than 
other classic methods such as surveys. Table 7 and Table 8 present a comparison between the sample 
size captured by mobile phone data and the passenger surveys. 

Table 7: Sample of passenger trips detected in PMI with mobile phone data in July-August 2019 

Period Direction Actual number 
of passengers 

Passengers detected 
with mobile phone 

data 

Percentage of passengers 
detected with mobile phone 

data 

July 2019 Departing 2,052,616 218,227 10.63 % 

Arriving 2,147,303 243,575 11.34 % 

Total 4,199,919 461,802 10.99 % 

August 2019 Departing 2,188,554 229,488 10.49 % 

Arriving 2,086,509 240,983 11.54 % 

Total 4,275,063 470,471 11.01 % 

Table 8: Sample size of passenger trips detected in PMI with EMMA surveys 

Period Direction Real passengers 
Passengers detected 

with surveys 
Percentage of passengers 

detected with surveys 

18th to 24th 
July 2018 

Departing 497,023 6,405 1.29 % 

Arriving 468,377 - - 

Total 965,400 6,405 0.66 % 

Figure 17 shows the sample distribution, distinguishing between passengers travelling to domestic and 
international destinations. It can be observed that the distribution found in mobile phone data 
correlates better with the real demand data provided by AENA than the EMMA surveys. 
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Figure 17: Sample distribution according to the flight destination: comparison  
between official data provided by AENA, passenger surveys and mobile phone data 

Table 9 shows a comparison between the main nationalities of the airport users detected in both 
passengers’ surveys and mobile phone data. Additionally, passengers with Spanish nationality have 
been split into residents and non-residents in the island of Mallorca. As it can be seen, there is a high 
correlation between both data sources. 

Table 9: Passengers’ nationality distribution: surveys vs mobile phone data 

Nationality 
Passenger surveys 

(July 2018) 
Mobile phone 

data (July 2019) 
Mobile phone data 

(August 2019) 

Spain 25.51% 27.02% 31.01% 

Residents in Mallorca 15.34% 16.96% 20.11% 

Non-residents in Mallorca 10.17% 10.06% 10.91% 

Germany 22.58% 26.31% 18.47% 

UK 17.36% 13.20% 15.59% 

France 4.39% 3.99% 6.80% 

Italy 2.50% 2.20% 3.62% 

Netherlands 2.57% 2.75% 2.73% 

Russia 0.91% 2.46%  2.71%  

Northern countries1 8.32% 5.44% 2.66% 

 

 

1 Northern countries encompass passengers from Denmark, Finland, Iceland, Norway and Sweden. 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

50 
 

 

Belgium 1.61% 2.48% 1.80% 

Ireland 2.01% 2.22% 1.78% 

Portugal 0.58% 0.33% 0.76% 

Rest of Europe 9.69% 7.39% 7.60% 

Rest of the world 1.96% 4.20% 4.46% 

 

Table 10 compares the results between national and foreign visitors in passenger surveys and mobile 
phone data samples with the Spanish official statistics from INE. 

Table 10: Comparison between the number of national and foreign visitors in Palma de Mallorca 

Nationality 
Official INE 

statistics (July 
2019) 

Official INE 
statistics 

(August 2019) 

Mobile phone 
data (July 

2019) 

Mobile phone 
data (August 

2019) 

Passenger 
surveys (July 

2018) 

National 11.03% 11.99% 11.43% 13.09% 10.93% 

Foreigner 88.97% 88.01% 88.57% 86.91% 89.07% 

 

4.3.3.2 Airport catchment area 

A comparative analysis has been performed between the start location of the trip to the airport 
extracted from the passenger surveys and from the mobile phone data, aiming at illustrating the 
differences and similarities between the characterisation of the airport catchment area obtained using 
each data source. It can be seen that both data sources present a strong correlation: the municipalities 
from which the most of the passengers travel to the airport, according to both data sources, are Palma, 
Calvia and Llucmajor; in the case of national users, most users (49% and 58% according to mobile 
phone data and passenger surveys, respectively) travel to the airport from Palma, while for foreign 
passengers, this percentage is significantly lower (around 17% and 27% according to mobile phone 
data and passenger surveys, respectively). A relevant advantage of using mobile phone data is that the 
larger sample size allows the obtention of more disaggregated data than that obtained with the 
passenger surveys: in the municipality of Palma, for example, the origin of the passengers has been 
disaggregated by districts; this information is not available with the passenger surveys, which only 
provide information at municipality level. 
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Figure 18: Airport catchment area for all passengers during July-August 2019 according to mobile phone data 

 
Figure 19: Airport catchment area for all passengers during the week of study according passenger surveys 
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Figure 20: Airport catchment area for national passengers using the PMI airport during July and August 2019 
according to mobile phone data 

 

Figure 21: Airport catchment area for national passengers using the PMI airport during the week of study 
according to passenger surveys 
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Figure 22: Airport catchment area for foreign passengers using the PMI airport during July and August 2019 
according to mobile phone data 

 

Figure 23: Airport catchment area for foreign passengers using the PMI airport during the week of study 
according to passenger surveys 
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4.3.3.3 Passenger arrival to the airport terminal 

A comparative analysis has been conducted regarding the passenger’s arrival time in the airport 
estimated with passenger surveys and mobile phone data. The following figure shows the passenger 
presentation profiles at the airport terminal obtained with each data source. 

 

Figure 24: Passenger arrival to the airport comparison between mobile phone data and passenger surveys 
after the expansion to the total of PMI users 

In Figure 25, the same comparison between both data sources is presented, differentiating between 
domestic and international flights. It can be observed that passengers from domestic flights usually 
arrive to the airport less in advance than international passengers. This seems logical as possibly people 
travelling from international destinations tend to spend longer periods in the island, thus needing to 
carry more luggage and requiring to check-in the luggage before the flight; also, passengers travelling 
to non-Schengen destinations need to pass through an additional passport control. This trend is visible 
from both data sources; however, the data from mobile phone shows a smaller gap between domestic 
and international flights than the data from surveys.  

A similar comparison is presented in Figure 26, distinguishing the passenger airport arrival behaviour 
for different periods of the day: 

• P0: for early morning flights (from 3 am to 8 am) 

• P1: for flights during the day (from 9 am to 8 pm) 

• P2: for night flights (from 9 pm to 2 am) 

The behaviour observed is that passengers from early morning flights (P0) tend to arrive at the airport 
with less anticipation. This can be explained by the fact that the airport and the road network are less 
congested at this time of the day, so the passengers do not expect any jam or congestion problems. 
Comparing both data sources, the behaviour observed is similar; however, as noticed in the previous 
figures, the behaviour observed in mobile phone data is that passengers arrive slightly earlier than the 
estimation made with the passenger surveys. 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

55 
 

 

 

Figure 25: Passenger arrival to the airport: comparison between mobile phone data and passenger surveys 
depending on the final destination (domestic or international) 

 

Figure 26: Passenger arrival to the airport: comparison between mobile phone data and passenger surveys 
depending on the period of the day 
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Another interesting aspect of using mobile phone data is that it can also be used to extract the same 
indicators but for the arriving passengers, in order to be able to understand how much time passengers 
usually need to egress the airport terminal. This information cannot be extracted from the passenger 
surveys, as they are only conducted to departing passengers. Figure 27 presents the terminal egressing 
curves for arriving passengers.  

 

Figure 27: Pax at the airport terminal after flight arrival 

4.3.3.4 Validation results 

From the analysis performed and the comparison between the indicators obtained with mobile phone 
data and passenger surveys, it can be concluded that both data sources present a high correlation, 
which suggests that the processes carried out to obtain the passenger diaries from the mobile phone 
records have been performed correctly. 

Mobile phone data has several advantages with respect to passenger surveys: 

• They provide data for the full period of study (summer 2019), while passenger surveys were 
performed during a single week of July 2018. 

• The sample of detected passengers is significantly higher. 

• Mobile phone data provides information on arriving passengers, while this information is not 
available from passenger surveys. 
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4.3.4 Trip purpose estimation 

The objective of this step is to develop a model able to estimate whether a flight trip has a business or 
a leisure purpose. To this end, the EMMA passenger surveys from the PMI airport have been used to 
calibrate a machine learning model which is later on applied to the trips detected with mobile phone 
data in order to estimate the purpose of the trip. It must be noted that the EMMA surveys are just 
conducted to departing passengers, so it has been assumed that the behaviour and characteristics of 
passengers regarding the purpose of the trip remain the same for arriving and departing trips. The 
process followed is presented in Figure 29. 

 

Figure 28 

Figure 28: Proposed methodology for inferring the passengers’ trip purpose 

Note that the EMMA surveys are just conducted to departing passengers, therefore, it has been 
assumed that the behaviour and characteristics of passengers regarding the purpose of the trip will 
remain the same for arriving and departing trips, in order to be able to estimate the features for both 
arriving and departing passengers. 

4.3.4.1 Dataset 

The dataset used in this experiment is the EMMA survey performed to passengers in Palma de Mallorca 
airport in July 2018. This survey asks travellers at the airport about different characteristics of their 
trips (such as the destination airport, the purpose of the trip, the duration of their stay, etc) as well as 
some socio-demographic details (such as age, gender, level of studies, etc.). 

The dataset contains a total of 6,405 responses from travellers performing trips during the week from 
18th to 24th July 2018. Each feature in the dataset has been cleaned and pre-processed according to 
their types. The basic data cleaning and filtering methods that have been applied are the following: 

• The fields not used in the model have been removed. 

• Missing data in relevant features has been solved by removing the cases involved. 

• For simplicity, connection flights have been filtered out of the training data, as the sample of 
connecting passengers is relatively small and it could introduce noise to the model. 
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From this data cleaning process, 5.39% of the data has been removed, 1.59% corresponding to value 
cleaning and 3.86% corresponding to connection filtering, leaving a total amount of 6,060 registers.  

4.3.4.2 Calibration phase 

The proposed methodology consists in developing a machine learning classifier that takes as input a 
set of features derived from the EMMA surveys and predicts whether the trip reported by each 
respondent has a business purpose or any other purpose (which will be considered as “leisure”). The 
main hypothesis of the models is that the features available from the EMMA surveys that can also be 
observed or inferred through mobile network data are relevant to determine whether the passenger 
travels for business or leisure. 

The machine learning algorithm selected is a random forest classifier. A random forest builds a large 
collection of decision trees computed using a random subset of data points and features and performs 
the average of their results. The training of the decision tree classifier is based on the evaluation of the 
relevance of each input variable according to some criteria, typically the Gini index or the entropy, to 
select the most relevant variable and create a rule based on that variable. The training process consists 
in recursively evaluating and splitting data to create new rules that separate data into compliant and 
non-compliant datasets that are in turn evaluated to create new rules. When useful data splits can no 
longer be computed, the algorithm stops in a leaf node. The class prediction consists in following the 
tree rules up to a leaf node and assigning the class that is more frequent in the resulting leaf node. At 
the end of the training process, the tree will have developed a set of hierarchically organised rules that 
perform predictions following the appropriate branch of the tree. This way, the algorithm performs 
simple non-linear predictions that can be easily understood by visualising the resulting tree. In the case 
of a random forest classifier, randomness tends to improve the single tree results, at the cost of making 
the algorithm less interpretable. 

4.3.4.2.1 Passenger feature analysis 

The dataset provides many different features regarding the passenger trip characteristics as well as 
sociodemographic information. However, not all these features are relevant at the time of determining 
if a passenger trip purpose is business or leisure. Therefore, just the significant features are used for 
the development of the model. In addition, it is important to highlight that not all the features that 
appear on the passenger surveys may be inferred with mobile phone data, and thus only the 
characteristics that can be extracted from mobile phone data can be used. The variables computed 
from the EMMA survey selected as candidates for model input features are the following: 

• stay_duration: duration of the stay in days. 

• arrival_weekday: the day of the week of the arrival date (from 0: Monday to 6: Sunday). 

• departure_weekday: the day of the week of the departure date. 

• includes_weekend: Boolean variable representing if the trip includes a weekend stay or not. 

• destination: type of destination airport grouped into inter-island, domestic, Schengen, 
non- Schengen and international. 

• residence: place of residence of the passenger, according to the following categories: Mallorca, 
rest of the Balearic Islands, rest of Spain, Germany, UK, rest of Europe and rest of the world. 
Mallorca, the remaining Balearic Islands and the rest of Spain have been separated as their 
passengers' behaviour may be different. In addition, separate independent classes have been 
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considered for Germany and the UK as they represent 29% and 17% of the total number of 
visitors respectively, according to the passenger surveys. 

• flight_hour: flight departure time aggregated per hour. 

• earliness: difference between the passenger arrival to the airport and the flight departure time 
in minutes. 

• age_range: the approximated age of each survey respondent. Instead of using the discrete 
values grouped into ranges (e.g., 20-24, 25-30, etc.) that are registered in the survey, the mean 
value of the respondents’ group age range has been used (e.g., 22 for the group 20-24). 

• gender: Boolean variable representing the gender of the passenger 

• days_rel_festivity: numerical variable representing the number of days to a festivity, for 
outward trips, and the number of days from a festivity, in the case of return trips. A festivity 
considers any non-working day, including both weekends and bank holidays. 

• start_location: variable representing from which area the passenger starts its trip to the airport. 
Two different categories have been considered, depending on whether the passenger accesses 
the airport from the city of Palma or not. 

Note that the age and gender of the users is only available for the mobile operator customers, but not 
for roamers that connect to its network, and therefore this information is not available for foreign 
visitors. 

An analysis of the set of variables has been performed to remove highly correlated variables and 
handle outliers: 

• First, the Pearson correlation coefficient between each pair of input features was computed. 
The filtering process was the following: every time two variables had a correlation higher than 
0.9, one of them was removed, as they would have similar impact on model training and keeping 
both variables may be misleading. 

 

Figure 29: Pearson correlation matrix between the proposed features 
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After this analysis, it can be concluded that the features arrival_hour, representing the arrival 
time to the airport terminal, and the flight_hour, representing the flight departure time, are 
highly correlated (0.94), which makes sense as usually these times have a difference of 1 or 2 
hours. Therefore, in further steps of the development of the model, the variable arrival_hour 
has not been considered. 

Regarding the identification of possible outliers, a common approach based on the interquartile 
range of each feature was applied. This method calculates the interquartile range (IQR) as the 
difference between the 75th (Q3) and 25th (Q1) percentiles of a sample and considers an 
element of that sample as an outlier if it is outside the interval (Q1 -1.5*IQR, Q3 + 1.5*IQR). This 
procedure can only be applied to numerical variables; therefore, it has been applied to the 
variables stay_duration and earliness. Figure 30 shows a boxplot of the distribution of the data 
values for the variables earliness and stay_duration. The registers which present earliness or 
stay_duration values outside the calculated interval have been removed from the dataset. The 
total amount of registers removed is 572 

 

Figure 30: Numerical variables box plot 

After filtering the data, a variable selection process was conducted in order to select the relevant 
variables for the estimation of the target class (trip purpose). To this end, a Recursive Feature 
Elimination (RFE) algorithm was implemented. This algorithm tries different subsets of variables and 
selects the most relevant when predicting the output class. This process leads to a reduction of 
computational time as well as to a decrease in the probability of overfitting.  

4.3.4.2.2 Model training 

The dataset was stratified into a training set and a test set; the split used was 75% of the samples for 
training and 25% for test.  

To ensure that the model is able to learn the features of all the classes, it is important to make sure 
that all classes are well represented. It must be taken into account that the sample of business trips in 
the dataset is notably small (just 5.35% of the trips are for business purposes), which can make that 
the algorithm does not learn properly the features corresponding to business trips, therefore not being 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

61 
 

 

able to correctly predict this class. To address this imbalance of the sample size across different classes, 
two different techniques can be applied: undersampling and oversampling. Oversampling increases 
the number of registers of the classes with less instances to level them with the most represented 
class, while undersampling reduces the sample of the most represented classes to equate them with 
the least represented class. 

Different algorithms for undersampling and oversampling can be found in the literature. The most 
common approaches consist in randomly duplicating/eliminating instances of the data until the whole 
dataset is oversampled/undersampled. In the case of oversampling, so-called Synthetic Minority 
Oversampling Technique (SMOTE) is becoming increasingly popular; this algorithm combines 
information on different samples to obtain new synthetic registers that are not exactly duplicated from 
the existing ones, but a combination of them, resulting in a more heterogeneous sample that is more 
easily interpretable by the predictive models. In datasets where one class is significantly less 
represented than the rest, applying an oversampling method is preferred, since undersampling would 
remarkably reduce the total sample. In the rest of cases, both techniques are equally valid. In this case, 
both random undersampling and SMOTE have been considered. 

Once the input data and features were pre-processed, the training of the random forest models was 
implemented. Two main training procedures were jointly applied: hyperparameter tuning of the 
random forest algorithm and the k-fold cross-validation resampling method. The objective of these 
techniques is to obtain the parameters of the random forest algorithm that give a better future 
estimation of the output class. The k-fold cross-validation method separates the training data into k 
stratified portions and trains the model k times using as training sample k-1 of those groups and 
validating the result on the remaining portion. The number of folds or groups used for cross-validation 
was set to 5, as it leads to an 80/20 partition of the training data, which seems appropriate having in 
mind the size of the dataset. After computing the average validation score for every portion and every 
combination of hyperparameters, the best model is selected as the one with the highest average score. 
Once the best hyperparameters are selected, the final training step consists in fitting a random forest 
model with those hyperparameters on the whole training set, which is then evaluated on the test set 
that was left behind in the first step to obtain a final indicator of how well the model behaves with 
unseen data. 

4.3.4.2.3 Model validation 

Due to the imbalance presented on the dataset (just 5.35% of the trips are for business purposes), the 
accuracy metric, representing the number of overall elements correctly classified, is not particularly 
useful, as a classifier that always predicts leisure would be correct 94.65% of the times. Therefore, the 
metric used for performance assessment was F1-Score, which computes the harmonic average 
between precision and recall. The definition of these metrics is the following: 

• Precision: number of elements correctly classified with respect to the total elements the model 
predicts to be in the positive class. 

• Recall: number of elements correctly classified into the positive class out of the total elements 
that are labelled with the positive class. 

• F1-score: harmonic average of precision and recall. Using the harmonic mean avoids hindering 
underperformance from one of the two metrics (for instance, it prevents the model to score 0.5 
when the precision is 1 and recall 0). 
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The relevance of the features included in the model is also analysed. This “relevance” is calculated 
through the following procedure: 

• For each feature, we compute how the feature decreases the impurity. The impurity of each 
split is measured using the Gini index. 

• The average over all trees in the forest gives the final feature importance, being the final 
reported value the value of the importance normalised between 0 and 1 

The results obtained for the model for departing national users developed by applying a SMOTE 
oversampling algorithm are presented in Table 11. In this model, a total of 8 relevant features have 
been selected after applying the RFE algorithm. The importance of each variable is presented in Figure 
31. 

Table 11: Trip purpose model calibration results for national departing passengers 

  Precision Recall F1-Score Training sample size 

Cross 
Validation 

 - - 0.74 - 

Test 

Leisure 0.98 0.97 0.97 3906 

Business 0.49 0.57 0.53 210 

Average 0.73 0.77 0.75 4116 

 

Figure 31: Trip purpose model features importance for departing national users  
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As the abovementioned variables are relevant for the development of the models and removing it for 
the model would imply a significant reduction of the performance, it has been decided to develop 4 
different models depending on the available information: one for arriving nationals, one for departing 
nationals, one for arriving foreigners, and one for departing foreigners. The results of the models are 
shown below. 

• Arriving nationals 

Table 12: purpose model calibration results for national arriving passengers 

  Precision Recall F1-Score Training sample size 

Cross 
Validation 

 - - 0.74 - 

Test 

Leisure 0.97 0.97 0.97 3906 

Business 0.53 0.52 0.52 210 

Average 0.75 0.75 0.75 4116 

 

Figure 32: Trip purpose model features importance for national arriving passengers 
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• Departing foreign passengers 

Table 13: Trip purpose model calibration results for foreign departing passengers 

  Precision Recall F1-Score Training sample size 

Cross 
Validation 

 - - 0.74 - 

Test 

Leisure 0.97 0.97 0.97 3906 

Business 0.46 0.40 0.43 210 

Average 0.71 0.69 0.70 4116 

 

Figure 33: Trip purpose model features importance for foreign departing passengers 
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• Arriving foreign passengers 

Table 14: Trip purpose model calibration results for arriving foreign passengers 

  Precision Recall F1-Score Training sample size 

Cross 
Validation 

 - - 0.68 - 

Test 

Leisure 0.98 0.92 0.95 3906 

Business 0.32 0.62 0.42 210 

Average 0.65 0.77 0.69 4116 

 

Figure 34: Trip purpose model features importance for foreign arriving passengers 

The results of the developed models show the impact of a significant sample imbalance. The very large 
proportion of leisure passengers (around 95%) implies that a random model would achieve an F1 score 
of 0.95 for the identification of the leisure segment. Hence it is interesting to look at the improvements 
made on the business segment, where a random model would achieve a F1-Score of only 0.05. The 
developed models are able to significantly improve business traveller detection when comparing with 
a random model, whose results vary from 0.53 in the best case to 0.42 in the worst case. As discussed, 
leisure purpose identification has little margin for improvement from a random model, but still the 
models manages to increase F1-score up to 0.97.  

In all cases the most relevant variable is the ‘stay_duration’. Given the characteristics of the airport 
itself (mainly focused on leisure) as well as the season in which the interview was conducted (summer 
season), this variable seems to be capturing the fact that tourists perform longer stays, while business 
travellers are characterised by shorter visits or even going and returning on the same day. The feature 
capturing if the trip includes a weekend stay (includes_weekend) is the next most important, which 
also make sense as business travellers usually do not stay over the weekend on the destination while 
weekend stays are more frequent in the case of leisure travellers. 
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4.3.4.3 Model application to trips detected with mobile phone data 

Once the different models have been developed, they have to be applied to the trips detected with 
mobile phone data in order to estimate the purpose of the trip. The procedure is as follows: 

• First, the required features for each trip are extracted from mobile phone data and are 
processed so they have the same format as in the calibration phase. 

• Depending on whether the passenger is national or foreigner and departing or arriving, a 
different model is applied. 

In Table 15, the results obtained after applying the trip purpose estimation models to the mobile phone 
trips sample are presented. The number of estimated business trips slightly differs from the original 
sample of the EMMA surveys. Additionally, this percentage is higher in arriving passengers than in 
departing passengers. This may be due to the fact that the model has been calibrated using surveys 
conducted only to departing passengers but it has been applied to all the passengers. Also, it must be 
take into account that the model has been calibrated using a one-week sample from July 2018 and 
applied to the full July- August 2019 period, so there may be relevant differences between the kind of 
passengers using the PMI airport during these periods. 

Table 15: Trip purpose distributions for the mobile phone data detected trips 

Period Direction Business passengers  Leisure passengers 

July 2019 

Departing 9.30% 90.70% 

Arriving 12.66% 87.34% 

Total 11.01% 88.99% 

August 2019 

Departing 11.12% 88.88% 

Arriving 13.75% 86.25% 

Total 12.72% 87.28% 

Once applied to the mobile phone data detected trips, a set of distributions have been calculated in 
order to assure that the results obtained are reliable and no error has occurred during the process. 
Figure 35 presents a comparison between the distributions of business passengers according to the 
passenger surveys and the mobile phone data after the application of the trip purpose estimation 
models depending on the passenger duration of the stay which is the most relevant variable for 
determining the trip purpose. The distributions obtained after applying the calibrated model to the 
trips detected with mobile phone data follow the same patterns as the ones in the passenger surveys, 
which suggests that the process has been performed correctly. 
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Figure 35: purpose distribution comparison between mobile phone data and passenger surveys per 
passengers’ trip duration 

4.3.5 Access mode estimation 

The objective of this step is to develop a model able to predict the transport mode used by the 
passenger to access or egress the airport. As in the previous step, the EMMA passenger surveys have 
been used to calibrate a machine learning model which will be later on applied to the trips detected 
with mobile phone data in order to estimate the access/egress mode. The process followed is 
presented in Figure 36 

 

Figure 36: Proposed methodology for inferring the passengers’ access/egress mode 

As the EMMA surveys are just conducted to departing passengers, it has been assumed that the 
behaviour and characteristics of passengers regarding the access/egress mode choice will remain the 
same for arriving and departing trips, in order to be able to estimate the features for both arriving and 
departing passengers. 
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4.3.5.1 Dataset 

The dataset used in this experiment is the EMMA survey performed to passengers in Palma de Mallorca 
airport in July 2018, once cleaned and pre-processed according to the process described in section 
4.3.4.1. 

4.3.5.2 Calibration phase 

The proposed methodology consists in developing a machine learning classifier that takes as input a 
set of features derived from the EMMA surveys and predicts the access mode used by the PMI 
passengers from a set of possible modes existing in the surveys, which are:  

• Private bus from tour operators 

• Public bus 

• Rented car 

• Private car 

• Taxi/ride-sharing services 

As in the case of trip purpose estimation, the machine learning algorithm selected is a random forest 
classifier. The main hypothesis of the models is that the features available from the EMMA surveys 
that can also be observed or inferred through mobile network data are relevant to determine which 
transport mode is chosen by the passenger. 

4.3.5.2.1 Passenger feature analysis 

The set of features extracted from the passenger surveys as well as the analysis performed in order to 
remove highly correlated variables and handle outliers are the same as in the case of the trip purpose 
estimation. 

After filtering the data, a variable selection process was conducted in order to select the relevant 
variables for the estimation of the target class (access mode). To this end, an RFE algorithm was 
implemented.  

4.3.5.2.2 Model training 

The dataset was stratified into a training set and a test set; the split used was 75% of the samples for 
training and 25% for test.  

To ensure that the model is able to learn the features of all the classes, it is important to make sure 
that all classes are well represented. The distribution of the sample is presented in Figure 37. Although 
the class ‘Public bus’ is less represented, the imbalance is not as remarkable as in the case of the trip 
purpose, however, it is still recommendable to equal the different classes. 
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Figure 37: Access mode sample distribution 

As previously mentioned, to address this imbalance of the sample size across different classes, two 
different techniques can be applied: undersampling and oversampling. In this case, both random 
undersampling and SMOTE have been considered. 

Once the input data and features were pre-processed, the training of the random forest models was 
implemented. Two main training procedures were jointly applied: hyperparameter tuning of the 
random forest algorithm and the k-fold cross-validation resampling method. The number of folds or 
groups used in the cross-validation was set to 5, as it leads to an 80/20 partition of the training data, 
which seems appropriate having in mind the size of the dataset. After computing the average 
validation score for every portion and every combination of hyperparameters, the best model is 
selected as the one with the highest average score. 

After the selection of the best hyperparameters, the final training step consists in fitting a random 
forest model with those hyperparameters on the whole training set, which is then evaluated on the 
test set that was left behind in the first step to obtain a final indicator of how well the model behaves 
with unseen data. 

4.3.5.2.3 Model validation 

As in the case of the trip purpose estimation, the metrics used for validating the developed models are 
the following: 

• Precision. 

• Recall. 

• F1-score. 

The relevance of the features included in the model is also analysed. This “relevance” is calculated 
through the following procedure: 

• For each feature, we compute how the feature decreases the impurity. The impurity of each 
split is measured using the Gini index. 

• The average over all trees in the forest gives the final feature importance, being the final 
reported value, the value of the importance normalised between 0 and 1 
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As mentioned before, some of the features are not available for all the passengers detected with 
mobile phone data (age and gender for roamer users; and earliness and flight_hour for arriving 
passengers). Therefore, in the same way as in the trip purpose case, it has been decided to develop 4 
different models depending on whether the user is national or foreigner and if the passenger is arriving 
or departing, using the features available in each case. The results obtained do not present significant 
differences in this case, as shown in Table 16. Therefore, the simplest model (the one not using the 
variables age, gender, earliness and flight_hour) has been used.  

Table 16: Overview of access mode models results 

Model No available features F1-Score 

National-departing - 0.41 

National-arriving Earliness and flight_hour 0.40 

Roamer-departing Age and gender 0.40 

Roamer-arriving Earliness, flight_hour, age and gender 0.40 

Table 17: Access mode model performance 

  Precision Recall F1-Score 
Training sample 

size 

Cross Validation  - - 0.41 - 

Test 

Private bus 0.40 0.52 0.45 990 

Public bus 0.21 0.33 0.25 361 

Rented car 0.40 0.37 0.38 1017 

Private car 0.61 0.68 0.64 783 

Taxi/ride-sharing 
services 

0.43 0.23 0.30 1118 

Average 0.40 0.42 0.40 4269 

 

Figure 38: Access mode model features relative importance 
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The class which presents better results is the private car. This can be motivated by the fact that, from 
the set of transport modes available, it is the most differential one, as usually just passengers living 
within the island will use a private vehicle. On the other hand, the transport mode which presents 
more difficulties to be recognised is the public bus, which may also be influenced by the fact that the 
sample of this class is lower than the rest of classes; however, the F-Score achieved is 0.25, therefore 
still improving the results that would be obtained by a random model (0.20). 

Analysing the features’ importance, the most relevant variable is the ‘res_Mallorca’, representing if 
the passenger lives in Mallorca Island or not. Additionally, the feature ‘stay_duration’ also has a high 
importance. This variable may be relevant at the time of discerning between rental car and the rest of 
modes, because as an island visitor, passengers spending several days or weeks on the island may opt 
to rent a car, while passengers with shorter stays may prefer to use the bus or taxi.  

4.3.5.3 Model application to trips detected with mobile phone data 

Once the different models have been developed, they have been applied to the trips detected with 
mobile phone data in order to estimate the mode of transport used to access and egress the airport. 
The procedure is as follows: 

• First, the required features for each trip are extracted from mobile phone data and are 
processed so they have the same format as in the calibration phase. 

• The required features are used as inputs to the model, which estimates the transport mode. 

The results obtained are presented in Table 18. These results can be compared with the passengers’ 
access mode distributions found on the passenger surveys which are presented in Table 19. 

Table 18: Modal share after estimating the transport mode  

Period Direction Private bus Private car Public bus Rental car 
Taxi/ride-

sharing services 

July 2019 

Departing 28,77% 23,85% 4,64% 19,63% 23,10% 

Arriving 21,67% 23,29% 4,57% 18,60% 31,88% 

Total 25,15% 23,56% 4,61% 19,11% 27,57% 

August 
2019 

Departing 25,65% 27,11% 4,28% 18,57% 24,39% 

Arriving 19,56% 28,41% 4,24% 14,99% 32,80% 

Total 22,72% 27,74% 4,26% 16,84% 28,45% 

Table 19: Access mode distribution according to passenger surveys 

Private bus Private car Public bus Rental car 
Taxi/ride-sharing 

services 

19,90% 21,44% 8,20% 23,94% 26,35% 

Figure 39 shows the comparison between the modal share according to the passenger surveys and the 
mobile phone data detected trips after the application of the model depending on the passengers’ 
place of residence.. 
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Figure 39: Modal share comparison between mobile phone data and passenger surveys depending on 
passengers’ place of residence 

4.3.5.4 Access mode estimation validation using public transport ticketing data 

Once the passengers’ access and egress modes have been estimated, the public transport ticketing 
data provided by EMT Palma have been used to validate the results obtained. The public transport 
data do not include individual user registers but hourly aggregated demand for both of the lines serving 
PMI. Therefore, the process developed to adjust the data to the available demand has been to hourly 
compare the number of public bus users detected with mobile phone data with the demand data and, 
in case that the number of public transport users detected is higher than the real demand, the 
transport mode assigned using the machine learning models described in the previous sections is 
recalculated. 

Figure 40 presents a comparison example between the total number of public transport users detected 
and the real demand for access trips to the airport performed on August 2019. The image shows which 
percentage of the total demand has been detected after the adjustment, as it is appreciated, the 
number of daily public bus trips detected with mobile phone data is in general lower than the real 
number of passengers using the EMT service according to the demand data. This is due to the fact that 
passengers using the EMT service only represent a part of the users, as this mode of transport is also 
highly used by the airport workers to access its place of work. This information will be later on used to 
assign the transport mode to the airport workers (see Section 4.4.4). 
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Figure 40. EMT demand vs public bus trips detected with mobile phone data for August 2019 

Once the number of public transport trips have been adjusted, the results shows that passengers 
represent around 50% (57.87% in July and 50.75% in August) of the public transport users of the lines 
accessing the airport, while this percentage is around 60% for egressing the airport (63.46% and 
62.17% in July and August, respectively). 

4.3.6 Estimation of travelling groups 

One characteristic that particularly affects the mobility patterns on the passengers is the group size, 
especially on the airport access and egress. Being able to identify the passengers that are travelling 
together is significantly relevant as it allows us to assign passengers to the same vehicles, otherwise 
we would be assuming that all passengers are accessing and egressing the airport independently, 
leading to an overestimation of the number of vehicles and the traffic load. 

4.3.6.1 Methodology 

The process developed for extracting which passengers are travelling together entails a mixed 
approach that analyses and fuses mobile phone data and passenger surveys. The process comprises 
the following steps: 

1. The behavioural patterns of passengers regarding the size of the travelling group have been 
studied using the passenger surveys. After a deep analysis, it has been noticed that the most 
relevant factors affecting the passengers’ group size are the purpose of the trip and the 

0 1 2 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

1 53% 91% 0% 100% 94% 100% 57% 46% 54% 100% 58% 28% 77% 27% 88% 99% 26% 94% 39% 20% 27% 98% 81%

2 59% 61% 39% 64% 48% 82% 50% 13% 25% 31% 54% 35% 43% 19% 92% 69% 38% 22% 8% 19% 10% 33% 90%

3 75% 33% 0% 85% 32% 26% 74% 45% 73% 45% 100% 22% 63% 53% 36% 31% 56% 94% 13% 28% 27% 33% 0%

4 30% 83% 100% 97% 19% 87% 40% 40% 22% 11% 13% 5% 15% 62% 0% 18% 16% 18% 8% 8% 18% 0% 54%

5 100% 98% 0% 100% 59% 100% 94% 97% 92% 66% 96% 45% 37% 96% 100% 100% 65% 63% 75% 94% 99% 100% 98%

6 95% 96% 80% 98% 74% 35% 39% 59% 58% 99% 34% 59% 35% 100% 34% 99% 79% 35% 100% 38% 88% 94% 98%

7 86% 93% 63% 98% 97% 100% 86% 71% 100% 47% 97% 98% 56% 87% 98% 98% 95% 90% 48% 43% 81% 91% 92%

8 70% 65% 91% 98% 18% 75% 24% 45% 54% 39% 82% 16% 57% 78% 93% 80% 14% 30% 55% 33% 96% 97% 98%

9 97% 45% 97% 52% 10% 69% 12% 16% 0% 43% 41% 20% 22% 54% 58% 6% 2% 33% 7% 17% 24% 76% 93%

10 58% 32% 39% 59% 15% 49% 30% 32% 72% 27% 33% 45% 29% 36% 61% 75% 14% 91% 33% 34% 33% 57% 22%

11 0% 20% 70% 48% 19% 30% 50% 56% 89% 35% 37% 27% 15% 8% 15% 9% 23% 4% 46% 0% 0% 19% 18%

12 98% 100% 0% 89% 93% 97% 97% 82% 94% 100% 100% 86% 54% 69% 97% 52% 98% 57% 93% 86% 62% 86% 93%

13 79% 100% 0% 69% 99% 14% 36% 36% 97% 86% 46% 41% 13% 91% 44% 99% 36% 40% 81% 95% 33% 89% 83%

14 35% 93% 0% 80% 80% 97% 87% 59% 55% 100% 98% 95% 57% 99% 97% 97% 79% 99% 95% 96% 3% 94% 3%

15 44% 59% 0% 96% 99% 96% 30% 96% 43% 48% 12% 24% 58% 32% 60% 58% 76% 27% 75% 25% 31% 85% 97%

16 90% 96% 76% 89% 9% 55% 77% 81% 70% 24% 26% 15% 35% 5% 9% 67% 15% 52% 30% 18% 36% 9% 30%

17 15% 58% 64% 100% 43% 80% 23% 12% 17% 39% 66% 35% 41% 58% 93% 98% 29% 29% 15% 41% 0% 71% 96%

18 20% 84% 88% 89% 37% 36% 42% 53% 56% 38% 40% 11% 6% 42% 54% 7% 17% 28% 0% 11% 12% 9% 31%

19 78% 100% 100% 88% 100% 91% 100% 97% 89% 95% 92% 71% 64% 54% 99% 99% 46% 49% 41% 53% 36% 81% 92%

20 99% 52% 0% 84% 80% 86% 33% 71% 56% 52% 80% 69% 47% 82% 74% 100% 44% 26% 53% 56% 62% 96% 81%

21 85% 90% 0% 98% 98% 61% 45% 60% 97% 78% 85% 36% 60% 64% 99% 99% 46% 98% 77% 70% 84% 100% 88%

22 0% 0% 100% 97% 96% 66% 0% 41% 17% 45% 17% 40% 86% 56% 69% 89% 32% 81% 51% 55% 71% 80% 72%

23 89% 19% 0% 100% 100% 47% 14% 92% 31% 16% 19% 37% 25% 26% 80% 42% 33% 44% 46% 3% 14% 86% 50%

24 18% 12% 0% 98% 33% 42% 43% 50% 32% 13% 65% 69% 50% 65% 41% 65% 31% 27% 45% 19% 40% 73% 58%

25 54% 17% 95% 97% 20% 47% 36% 23% 22% 70% 5% 19% 14% 25% 33% 17% 4% 12% 15% 5% 5% 16% 8%

26 62% 95% 88% 100% 100% 75% 96% 100% 98% 100% 98% 84% 67% 94% 97% 93% 78% 79% 100% 99% 96% 97% 37%

27 88% 26% 0% 96% 56% 100% 41% 88% 86% 89% 100% 87% 45% 94% 100% 100% 44% 94% 98% 96% 100% 36% 98%

28 80% 85% 0% 97% 98% 97% 65% 68% 66% 99% 57% 98% 94% 73% 99% 92% 64% 97% 58% 45% 44% 66% 67%

29 54% 97% 100% 78% 96% 47% 50% 34% 4% 73% 56% 96% 70% 56% 51% 61% 28% 37% 25% 68% 95% 53% 82%

30 70% 91% 83% 0% 73% 5% 0% 28% 18% 36% 53% 36% 19% 22% 10% 37% 23% 89% 25% 20% 15% 94% 71%

31 14% 28% 47% 94% 18% 41% 19% 29% 21% 29% 30% 27% 27% 82% 46% 44% 39% 96% 24% 40% 19% 54% 23%
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origin/destination. In Figure 41, it is presented the group size distributions according to the 
passenger surveys depending on the purpose of the trip and the flight type. As it is presented, 
from the surveys information it can be stated that usually business passengers travel alone or 
in small groups, while leisure passengers tend to travel in bigger groups, which makes totally 
sense; regarding the origin/destination, passenger from international destinations tend to 
travel in bigger groups (just 10-15% of passengers travel alone) than passengers from national 
destinations (around 35% of passengers travel alone). 

 

Figure 41. Group size distribution according to the passenger surveys depending on the purpose of the trip 
and the flight type 

2. Sets of potential passengers travelling together are extracted by creating groups with the 
same characteristics in the ATD. The methodology developed is based in that passengers 
travelling together need to have same or similar characteristics. While some of the passenger 
characteristics are relevant for creating these potential travel groups (such as flight number 
or mode of transport), other characteristics are not relevant for deciding if the passengers are 
travelling together or not (such as age or gender), therefore just characteristics considered 
relevant for discerning which passengers are potentially travelling together have been taken 
into account. These characteristics are: 

• Flight number 

• Origin of the access leg to the airport/Destination of the egress leg from the airport  

• Starting time of the trip 

• Leg type (whether it is the go or return trip) 

• Purpose of the trip 

• Nationality (for the Palma de Mallorca case study, distinguishing between Mallorca and 
rest of Spain in case on national passengers) 

• Mode of transport used 

3. Once the potential groups have been created, the group size distributions present in the 
passenger surveys have been used to divide the potential groups into smaller subgroups, 
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according to the passengers’ characteristics (purpose and flight type), so that the group size 
comply with the distributions observed in the surveys (see Figure 41). 

4. Once the different groups have been extracted, a vehicle identifier has been assigned to each 
group attending to the following logic: if the group size is lower than the vehicle capacity, the 
complete group will be assigned to one single vehicle, otherwise, the group will be randomly 
divided among the required number of vehicles accordingly. 

After all this process, the following properties will be assigned to each of the passengers detected using 
mobile phone data: 

• Group identifier: unique identifier associating each passenger to an individual group (all the 
members of the same group will have the same identifier) 

• Group size: size of the group of passengers travelling together 

• Vehicle identifier: unique identifier associating each passenger to a single vehicle (passengers 
belonging to the same group may have different vehicle identifiers as, for example, if the 
estimated transport mode is a taxi and the group size is higher than 4, they will require more 
than one vehicle) 

4.3.6.2 Results 

In Figure 42, it is presented a comparison between the group size distribution available in the 
passenger surveys and the group size distribution extracted from the ATD after estimating and 
assigning the passengers that are travelling together with the process described in Section 4.3.6.1. The 
comparison of the distributions shows that distributions obtained in the ATD clearly present a similar 
behaviour as the ones in the survey, therefore, it can be stated that the methodology developed to 
infer which passengers are travelling together provides satisfactory results. 

 

Figure 42. Group size distribution comparison between the surveys and the ATD after estimating the 
passengers travel together. 
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4.3.7 Passenger arrival to security control estimation 

The objective of this component is to add to the Passenger ATD the passenger arrival time at the 
security control, more precisely to the BCR machines located at the beginning of the process. The 
proposed methodology is depicted in Figure 43.. 

 

Figure 43: Passenger arrival to security control estimation proposed approach 

In an initial calibration phase, the BCR data provided by AENA has been used to extract the passengers’ 
behaviour regarding the time of arrival to the security control depending on different relevant 
features. Then, the passenger presentation at BCR has been approximated by probability functions 
depending on the previous selected features. Finally, in the assignment phase, the calculated 
probability functions are applied to the trips detected with mobile phone data in order to estimate the 
passenger arrival to the security control. A last validation is performed in order to assure that the 
behaviour observed on the BCR data has been correctly translated to the trips detected with mobile 
phone data. 

Since the activity within the terminal is not relevant to the validation of the traffic simulation models, 
the detailed reconstruction of the passenger arrival to the security control is not included in this 
deliverable. Readers are referred to deliverable D4.1 ‘Passenger Terminal Process Simulation’ Module, 
where the methodology and results obtained are further explained. 

4.3.8 Passenger terminal itinerary reconstruction 

The passenger terminal itineraries will be studied by using mobile apps data, since these data contain 
information related to the exact time and location where the mobile app users are located (see Figure 
44a). The goal is to use this data to reconstruct each passenger trajectory inside the terminal and 
determine how long it took for the passenger to pass through the different airport zones (security 
control, commercial areas, passport control, etc.). The methodology developed to reconstruct the 
passengers’ itinerary comprises the following steps: 

• Construction of the airport travel paths: from the raw app data the trajectory followed by the 
passengers is reconstructed (see Figure 44b). 
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• Extraction of passenger stay times: once the passenger trajectories have been calculated, we 
calculate the passenger stay times at the different airport areas. 

• Application of the stay time data to the travel diaries: once the passenger stay times have been 
computed, they are assigned to the trips detected with mobile phone data in order to 
reconstruct their terminal itinerary. 

 

Figure 44: Mobile app data example. Total number of registers in a single day, categorised by agent (up) and 
single user trajectory (down) 

Since the activity within the terminal is not relevant to the validation of the traffic simulation models, 
the detailed reconstruction of the passenger trajectory within the airport terminal is not included in 
this deliverable. Readers are referred to deliverable D4.1 ‘Passenger Terminal Process Simulation 
Module’, where the methodology and results obtained are further explained. 
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4.4 Workers, professional drivers and other short-term visitors 

In addition to passengers, other kind of airport visitors should also be taken into account in the 
management of the airport. A set of specific algorithms have been developed for the identification of 
airport workers, professional drivers (taxi drivers, bus drivers, drivers of LGVs and HGVs, etc.), and 
other short-term visitors. For these users, only the access and egress legs have been considered, as 
they are not simulated in the terminal model.  

4.4.1 Identification of airport workers  

A special point of interest for the PMI airport as well as for EMT Palma is the number of workers 
accessing the airport. In order to detect airport workers, users whose place of work has been detected 
on the airport and that travel to or from the airport for working purposes have been identified using 
the methodology explained described in section 4.3.1.  

Figure 45 and Figure 46 show the distribution of workers travelling to the airport depending on the 
weekday and the time of the day. As expected, on weekdays there is a higher volume of workers 
travelling to the airport (around 3,500 – 4,000), while on weekends this flow of workers is lower 
(around 2,000-2,500). Regarding peak hours, on weekdays the flow of workers starts growing around 
4-5 am, reaching a maximum peak around 7-8 am; additionally, there is a lower peak around 1-2 pm, 
which can be related to people working in an afternoon shift. 

 

Figure 45: Average number of airport workers per weekday at PMI airport 
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Figure 46: Average number of airport workers per hour and weekday at the PMI airport 

4.4.2 Identification of professional drivers  

We have developed specific algorithms for the identification of professional drivers (taxi drivers, bus 
drivers, drivers of LGVs and HGVs, delivery riders, etc.). These algorithms take into account the users’ 
longitudinal travel patterns (number of trips/kilometres per day/month travelled, typical average 
distance, frequency of visit relevant locations, etc.) as well as data on land use and points of interest 
(logistics centres, airports, etc.). The algorithms for the identification of professional drivers have been 
applied to the users detected in Palma de Mallorca in July and August 2019. The results obtained are 
presented in the following figures, where it is shown that the daily number of professional drivers 
accessing the PMI airport is around 7,000-8,000 drivers, being slightly lower in Sundays, around 6,000 
(see Figure 47). Regarding the peak hours, there is a low traffic volume during night hours until 4 am, 
when the flow of professional drivers starts rising, until 8 am, when the peak is reached, and then it 
stays steady during the day until 7-8pm when it starts falling again. In the case of weekends, the volume 
is lower, reaching its higher point a bit later on Saturdays (around 10 am) while in Sundays there is not 
a clear morning peak (see Figure 48). 

 

Figure 47: Average number of professional drivers visiting the PMI airport per weekday 
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Figure 48: Average number of professional drivers visiting the PMI airport per hour and weekday  

4.4.3 Identification of other short-term visitors  

Finally, the rest of users detected with origin or destination at the airport which are not passengers, 
airport workers or professional drivers are labelled as other short-term visitors, such as passengers’ 
companions. The number of daily short-term visitors visiting the PMI airport in July and August 2019 
is presented in Table 20. The total number of short-term visitors for July and August is 489,188 and 
394,088, respectively, which represents 11.6% and 9.3% of the total number of passengers. 

Table 20: Daily number of short-term visitors accessing PMI 

Date Number of short-term visitors Date Number of short-term visitors 

1-jul  16,619  01-ago 11,944  

2-jul  15,846  02-ago 11,148  

3-jul  12,697  03-ago 14,878  

4-jul  13,232  04-ago 13,438  

5-jul  15,781  05-ago 10,995  

6-jul  23,047  06-ago 16,421  

7-jul  22,033  07-ago 13,960  

8-jul  17,854  08-ago 11,061  

9-jul  15,573  09-ago 11,660  

10-jul  13,203  10-ago 16,050  

11-jul  13,292  11-ago 14,202  

12-jul  14,961  12-ago 12,582  

13-jul  22,036  13-ago 14,561  

14-jul  21,771  14-ago 10,269  

15-jul  17,721  15-ago 12,036  

16-jul  15,395  16-ago 11,348  

17-jul  13,802  17-ago 15,141  

18-jul  13,848  18-ago 14,447  

19-jul  15,940  19-ago 11,313  
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20-jul  21,700  20-ago 12,319  

21-jul  18,863  21-ago 10,165  

22-jul  16,211  22-ago  9,137  

23-jul  15,721  23-ago  9,075  

24-jul  14,227  24-ago 14,245  

25-jul  12,488  25-ago 11,900  

26-jul  12,840  26-ago 10,578  

27-jul  16,373  27-ago 16,412  

28-jul  13,127  28-ago 10,714  

29-jul  11,206  29-ago 11,109  

30-jul  10,391  30-ago 12,424  

31-jul  11,389  31-ago 18,561  

Total 489,188  Total 394,088  

4.4.4 Identification of other airport users’ mode 

As described in Section 4.3.5, the transport mode used by passengers has been extracted by calibrating 
a machine learning model able to infer the passengers’ transport mode using different passenger 
sociodemographic information (such as age, gender, nationality, etc.) and trip properties (such as flight 
time, airport of destination/origin, etc). As most of these characteristics are not available for the rest 
of users (workers, short-term visitors, etc.), a different methodology must be used. 

In this line, a mixed approach that fuse mobile phone data and public transport data provided by the 
main ground transport operator has been performed. The methodology developed present the 
following steps: 

1. Three different kind of airport visitors, other than passengers, are available: workers, 
professional drivers and short-term visitors. It has been assumed that professional drivers will 
use the taxi as mode of transport, therefore, the rest of the process has just been applied to 
workers and short-term visitors. 

2. There are different transport modes available for accessing/egressing the airport: private car, 
public bus, taxi, rental car, and private bus (tour operators). It has been assumed that workers 
and short-term visitors will just make use of the public bus or the private car, as the rest of 
modes are not likely to be used by these kind of airport users. Therefore, from the data 
available, the number of public bus users has been estimated, while the rest of users has been 
assumed that are using a private car. 

3. Public bus users are estimated following the next approach: 

a. The set of users which potentially can use the bus have been selected by comparing 
the origin/destination of their trips with the public bus routes (see Figure 49). If their 
origin/destination is not near to a public bus stop, the user is discarded and the private 
car mode is assigned. 

b. From the public transport ticketing data, the number of public transport trips 
performed by passengers (see Section 4.3.5) have been removed. Therefore, the rest 
of the public transport users have been randomly selected from the set of users 
extracted in the previous step which can potentially use the bus. 
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Figure 49. Public transport lines serving PMI airport 

4.5 KPIs for model validation 

Two different types of indicators are extracted from the ATDs for the calibration and validation of the 
access and egress model: OD matrices and passenger travel times. 

4.5.1 OD matrices 

This information will be extracted from the diaries and their objective is twofold, first to provide the 
simulation model with the real traffic demand and, second, to calibrate and validate the model against 
the behaviour observed in the traffic data available.  

The OD matrices will therefore include all the ground transport system users in the study area, not 
only the ones accessing the airport (background traffic). For the purpose of OD matrix generation, an 
area of interest as well as a set of study zones has been defined in close collaboration with the EMT 
Palma. The area of interest encompasses Palma city as well as some additional areas in which there 
exist bus services provided by EMT. The area of interest is divided into 105 zones, adopting the same 
division used by municipal transport authorities; outside the area of interest, 8 additional zones have 
been identified in order to take into account the trips coming to/from these zones to the area of 
interest (see Figure 50). These external areas correspond to aggregations of municipalities along the 
main roads for accessing the area of interest, in order to be able to estimate which route the users 
take to access/egress the area of study. The adopted zoning is presented in Figure 50. 
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Figure 50: TAZ: the zones in red represent the area of interest and the rest the external areas 

For the calculation of background traffic only private vehicle traffic is considered. To extract private 
vehicle OD matrices from travellers’ OD matrices, three main steps have been followed. 

• First, the general mobility OD matrices (i.e., person-trips) have been extracted by aggregating 
the trip information from the diaries at the level of the proposed zoning system. 

• Public transport and walking trips have been removed. In order to do this, modal share statistics 
available from the Palma Sustainable Urban Mobility Plan (SUMP) (Palma City Council, 2014) has 
been used (see Figure 51). 

o Walking trips have been removed in the Palma area. In order to do so, trips of distance 
lower than 1 km in the case of non-residents and 1.5 km for residents in Palma have been 
considered to be made by foot. The proportion of trips removed is 4,18% and 30,27% for 
non-residents and residents, respectively, which is a reasonable approximation of the 
information provided by the SUMP (1.7% and 39%). 

o Next, public transport trips have been deleted by removing the public transport share 
extracted from the SUMP. 
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Figure 51: Modal share in Palma for residents (left) and non-residents (right) according to SUMP 

• An average vehicle occupation factor of 1.7 (BlaBlaCar, 2018) has been applied to convert the 
matrices from person-trips to vehicle-trips. 

4.5.2 Travel times 

The ATD provides information about the time and location of the previous activity to the trip to the 
airport as well as the time of arrival at the airport, in case of access flows, and the time and location of 
the next activity after the arrival at the airport as well as the time of leaving the airport, for egress 
flows. Therefore, travel times per passenger can be easily extracted and segmented by transport 
mode. However, the precise point may not be covered by the access and egress model. In this case, it 
is required to extract from which point the user entry/exit the model (namely, ‘centroids’) and at which 
time. 

In Figure 52, it is presented the entry and exit points for the access and egress model in Palma de 
Mallorca. For all the users that have origin/destination outside those limits, it will be necessary to 
perform the following process in order to extract the centroid used for entry/exit the model and the 
travel time outside the model boundaries. 
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Figure 52. Entry and exit points for the Palma de Mallorca access/egress model  

1. The users’ point of origin/destination is extracted and fitted into a 250x250 meters grid (see 
Figure 53) in order to simplify the number of different origin-destination pairs to be examined. 

 

Figure 53. Example of 250x250 meter grid in the Palma area 
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2. The routes between the extracted grids and the airport (or vice versa) are calculated using the 
OpenStreetMaps API. From each point, different routes to the airport are available. In Figure 
54 it is presented an example of the possible routes obtained between one particular grid and 
the airport. It has been assumed that the passenger will take the route that imply a shorter 
travel time. Therefore, from all the routes available, the shorter one has been selected 

 

Figure 54. Example of possible road routes between the airport and one grid from the east of Mallorca  

3. Once the route has been selected, the distance from the route to all the available centroids is 
calculated and the nearest centroid is assigned as the point of entry/exit from the model. 

4. Once the entry/exit point has been selected, the arrival time of passengers to that point can 
be easily extracted by calculating the time that takes the passengers to go from that point to 
the final destination. 

After the process, the centroid that the user is using for entering/exiting the model and the arrival time 
has been assigned to all the airport users with origin/destination outside the model. Therefore, 
enabling the access and egress model to simulate all the passengers and compare the extracted travel 
times with the ones obtained in the ATD. Additionally, a visual validation will be performed in order to 
assure that the level of congestion is realistic. 
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5. Case Study 1: Palma de Mallorca Airport 
(PMI) 

5.1 Introduction to the case study 

Palma de Mallorca Airport (IATA: PMI, ICAO: LEPA; also known as Son Sant Joan Airport) is an 
international airport located 8 km east of Palma, Mallorca, Spain, adjacent to the village of Can Pastilla. 
The airport is Spain's third largest airport after Madrid–Barajas and Barcelona-El Prat. The Palma de 
Mallorca Airport was used by 29.7 million passengers in 2019  

The airport has two runways and one terminal. The terminal has a main building and four modules 
where the gates are located; these modules are named A, B, C and D. The main building is built on 
three levels; the arrival hall is located on the first level, the departure hall on the second, and the 
security area on the third.  

 

Figure 55: Palma de Mallorca Airport (Photo: AleXorz, CC BY-SA 3.0, 
https://commons.wikimedia.org/w/index.php?curid=2239065) 
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5.2 Model specification 

5.2.1 Spatial scope 

The larger model area (for static traffic assignment) was determined by the coverage area of the 
existing PT model owned by EMT, with the addition of 4 additional zones to reflect future public 
transport provision, following EMT request. 

 

Figure 56: Wider PMI access model area with additional zones shown in blue 

A subnetwork was then selected which is to be used for microsimulation. This subnetwork covers 
entirely the routes of the public transport lines which currently serve the airport. 

 

Figure 57: Subnetwork for microsimulation of public transport services serving the PMI airport 
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5.2.2 Model resolution 

The model, according to the spatial scope and the traffic demand strategies suggested in D2.2, is a 
microsimulation model. The computation time is around 300 seconds for a simulation of 2 hours (plus 
1 hour of warm-up) with 66,000 trips completed. It represents a computation time around 30 times 
faster than real time. 

5.2.3 Data inputs 

5.2.3.1 Network 

The network was based on an import of the model area from OpenStreetMap, since this completely 
covered the desired model area with sufficient detail. This was then generally tidied to correct errors 
in coding (unconnected sections, incorrect number of lanes on major roads) for the wider area model. 
For the static assignment process, it was necessary to associate volume delay functions with the 
network links. Default volume delay functions were used for each road type (as labelled in the OSM 
source) from the Aimsun Next template.  

Then a more detailed correction was carried out in the microsimulation subnetwork, with attention 
paid to information such as priority markers, lanes available for turnings, lane reservations for public 
transport, etc. 

5.2.3.2 Traffic control 

Traffic signal data was made available from a pre-existing study which covered a large part of the 
proposed microsimulation subnetwork (see Figure 58). Traffic signal sites were located on the network 
based on a textual description of the site, then geometry was updated (including pedestrian crossings), 
signal groups were created based on site layout drawings and then signal timings were manually 
entered. Figure 59 depicts an example of the source of the traffic control information and Figure 60 
depicts its representation in Aimsun Next. 

        

Figure 58: Location of traffic signals imported into the network of the PMI airport access model 
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Figure 59: Site layout drawings and representation timing sheet in Aimsun Next 

 

Figure 60: Traffic signals at a site in the microsimulation model 
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5.2.3.3 Public transport 

Public transport lines, stops and timetables were imported from a publicly available GTFS source onto 
the microsimulation subnetwork and then tidied to correct any mismatches of stop and lines with the 
underlying network. Figure 61 shows an example of a public transport line and stops, highlighting the 
path of A1 Aeroport-Palma service. 

 

Figure 61: Location of public transport lines and stops in the PMI airport access model 

5.2.3.4 Traffic demand 

Zones were initially connected to the network using an automated scripting process and were later 
corrected by hand to provide a better distribution of traffic in the network. 

For initial testing of the wider area model, the existing strategic model demand was applied to the 
network to detect any immediate issues. Later matrices, obtained from the ATD reconstructed with 
the methodology explained in section 3, were supplied for concrete days for the months of July and 
August of 2019. 

For initial testing of the microsimulation model area, a traffic state (based on stated capacities) was 
created for the network to detect any immediate problem with the micro level coding of geometry and 
traffic signals. 

The traffic demand for the microsimulation area is provided by static assignment of traffic on the wider 
area network. Then a traversal process provides traffic specific to the microsimulation area. 

5.3 Model development and calibration 

5.3.1 Model view (statistics) 

The wider area model consists of 4,570 km of sections (4,890 km of lanes, the majority of roads being 
single lane), created with 44,000 sections and 16,600 nodes. There are 113 model zones. 

The study subnetwork consists of 512 km of sections (604 km of section lanes) created with 7192 
sections and 2823 nodes. There are 192 model zones 
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5.3.2 Traffic data analysis 

Traffic data was supplied for the existing detectors available within the city limits of Palma. Detection 
is only available for the city centre. Detectors were located on the model network based on a 
background image (see Figure 62) 

 

Figure 62: Location of detectors on the model network 

Detection data was supplied for the 2019-2020 period. After formatting, the data was passed through 
a cleaning and pattern generation process. The cleaning process identified the lockdown period of 
2020. Figure 63 shows a heatmap with the percentage of missing data over the time where the vertical 
black area represents the missing data during the lockdown and the horizontal black area shows the 
new spots of detection added during the study period. All data from 2019 plus 2020 data prior to 
lockdown was chosen for pattern generation. 

 

Figure 63: Graphical results of data analysis showing new detectors brought online and the effect of the 
lockdown period 
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Pattern generation identified the clear seasonality in terms of detection data, with pattern 7 being the 
dominant pattern for July and August weekdays and pattern 4 representing early and late season 
traffic. Figure 64 depicts the percentage of each weekday that is included in each pattern and the days 
selected in each pattern over the calendar.  

 

 

Figure 64: Weekday patterns more closely related to tourist season 
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Figure 65 represents the average flow of pattern 7 selected as baseline over 24 hours, giving an 
overview of the traffic profile of the city of Palma de Mallorca. 

 

Figure 65: Average flow for pattern 7 

For calibration of traffic in the vicinity of the airport, detection data was made available from previous 
studies. Figure 66 depicts the location of detectors inside the airport facility. 

 

Figure 66: Location of traffic counts from previous studies in the vicinity of the PMI airport 
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For locations PMI1, PMI2, PMI6 and PMI7, data was available for 2017 to mid 2018. A clear peak 
demand for summer can be observed (see Figure 67). 

 

 

Figure 67: Patterns extracted from traffic data in the vicinity of the PMI airport 
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5.4 Model validation 

The validation of the PMI access-egress model is constrained to the traffic data availability inside the 
city of Palma de Mallorca and the lack of traffic data in the rest. The goodness of the model is thus only 
measured for the urban area. 

The model validation was made using as input the traffic demand extracted from mobile phone data 
of a day included inside the summer day pattern. 

The supplied demand for a corresponding day was assigned for the 2-hour AM peak period and 
adjusted to provide a closer match to the observed detection data for the city of Palma. 

 

 

Figure 68: Demand adjustment for the wider area model at the AM Peak 
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The linear regression between simulated flows and traffic flow data was evaluated, getting a 
correlation coefficient R2=0.66 and 0.7827 as slope value of the regression line, which is considered 
insufficient for validation purposes. In order to improve the accuracy of the model, a traversal of 
demand was then produced for the dynamic subnetwork area, and again readjusted to provide a closer 
match to observed data. The traversal demand computation consists in extracting, from a traffic 
demand of a wider area the trips that interact with a subnetwork. 

 

 

Figure 69: Result of demand adjustment for dynamic subnetwork during the AM peak 
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The subnetwork was then simulated at microscopic level obtaining significantly better validation KPIs. 
The correlation coefficient was improved, achieving an acceptable degree of accuracy with R2=0.78 
and 0.9429 as slope value of the regression line. The validation, in terms of acceptable GEH, was 
performed with acceptable GEH over the space (see example in Figure 69 with the spatial distribution 
of the GEH) 

The simulated model was complemented by validating visually with the comparison of densities and 
congestion levels. 

 

Figure 70: Average density plot after microsimulation 

As conclusion, the validation criteria were achieved, with the caveat of the limited spatial coverage of 
the traffic data. 



D5.1 AIRPORT ACCESS AND EGRESS SIMULATION MODULE 
  

 

 

 

99 
 

 

6. Case Study 2: London City Airport (LCY) 

6.1 Introduction to the case study 

London City Airport (IATA: LCY, ICAO: EGLC) is an international airport in London, England. It is located 
in the Royal Docks in the London Borough of Newham, approximately 7 miles (11 km) east of the City 
of London and a shorter distance east of Canary Wharf. These are the twin centres of London's financial 
industry, which is a major user of the airport. The airport was developed by the engineering company 
Mowlem in 1986-87. London City is the fifth-busiest airport by passengers and aircraft movements 
serving the London area, after Heathrow, Gatwick, Stansted and Luton. 

The airport has one 1,508 metrelong runway and one terminal (see Figure 71). The terminal covers 
two levels. The ground floor airside is used for arrival passenger processes (immigration control; 
baggage reclaim). The landside includes the airport access/egress facilities and the onside check-in 
options. The second floor is used by departing passengers only. The boarding pass control, security 
check, dwelling areas, and the departure gates are located in this area. 

 

Figure 71: London City Airport (Photo: Ercan Karakaş, GFDL, 
https://commons.wikimedia.org/w/index.php?curid=40553705). 
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6.2 Model specification 

6.2.1 Spatial scope 

The model area covers the access routes to the airport, providing the ability to investigate any 
rerouting of road traffic around the airport in response to action plans. 

 

Figure 72: Spatial scope of the LCY airport access model 

6.2.2 Model resolution 

According to the spatial scope and the traffic demand strategies suggested in D2.2, the model is a 
microsimulation model. The computation time is less than a minute. 

6.2.3 Data inputs 

6.2.3.1 Network 

The network was imported from an OpenStreetMap export of the airport surrounding area. A 
subnetwork was then defined and geometry was refined along all roads in the model area, including 
lanes numbers and turning lanes and placement of priority markers based on aerial photography. 

     

Figure 73: Examples of network definition for the LCY airport access model 
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6.2.3.2 Traffic control 

Since no traffic signal data was readily available for the area, surrogate plans were created based on a 
simple static assignment of traffic demand. 

 

Figure 74: Examples of traffic control definition in the LCY airport access model 

6.2.3.3 Public transport 

Public transport lines, stops and schedules were imported from the UK’s traveline dataset 
(https://www.travelinedata.org.uk/traveline-open-data/traveline-national-dataset/) by using a 
custom script to read the TransXChange and supporting NaPTAN files (https://beta-
naptan.dft.gov.uk/). The import includes not only buses, but also DLR services. 

     

Figure 75: Imported bus and DLR services 

6.2.3.4 Traffic demand 

Since no initial zoning system or matrices were available for the study area, an initial demand in the 
form of a traffic state (for mixed vehicle types) was created on the network based on available 
detection data. Trajectories were then recorded for this traffic state, and zone centroids created for 
each entrance or exit to the model. This recorded demand was then reassigned to OD pairs to match 
the count data, and departure time was adjusted to better match the dynamic nature of the demand. 

https://www.travelinedata.org.uk/traveline-open-data/traveline-national-dataset/
https://beta-naptan.dft.gov.uk/
https://beta-naptan.dft.gov.uk/
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Figure 76: Location of zone centroids and demand profile in the LCY airport access model  

6.3 Model development and calibration 

6.3.1 Model view (statistics) 

The study subnetwork consists of 116 km of sections (129 km of section lanes) created with 2,160 
sections and 900 nodes. There are 17 model zones. 

6.3.2 Traffic data analysis 

Background traffic data for the model area was sourced from open data available through the UK DfT 
website (https://roadtraffic.dft.gov.uk/downloads). To maximise available data, most recent count 
data was selected for all sites available. 

 

Figure 77: Example of traffic counts in the LCY surrounding area 

For 2019, data was supplied by the LCY airport for two locations: the main car park entrance and staff 
car park (entrance and exit). 

The main car park showed no seasonality, with a dominant pattern 4 for weekdays, but with certain 
peak days identified for pattern 5. 

https://roadtraffic.dft.gov.uk/downloads
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Figure 78: Patterns for main LCY car park 

The staff car park seemed to have a single dominant pattern, except for the winter holiday period. 

 

 

Figure 79: Patterns for LCY staff car park 
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6.4 Model validation 

In terms of background traffic, AM static assignment showed acceptable agreement with DfT average 
count data (see Figure 80).  The correlation coefficient was very good, with a value of R2=0.99 and 
0.9559 as slope value of the regression line. In terms of GEH, 25 of the 26 detection point had a GEH 
below 5, with all having a GEH below 10. 

 

 

Figure 80: AM static validation regression and detector location at LCY airport access model 

The result of the microsimulation execution showed also acceptable agreement with DfT count data 
(using 15 minute as time resolution). The correlation coefficient was very good with a value of R2=0.97 
and 1.026 as slope value of the regression line. In terms of GEH, the simulation results kept the same 
accuracy as the static assignment, with 25 detection points having a GEH below 5 and all having a GEH 
below 10. 
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Figure 81: AM dynamic validation regression and detector location at LCY airport access model 
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7. Conclusions  

This document describes the development and preliminary validation of the IMHOTEP airport access 
and egress simulation models for the case studies of the PMI and LCY airports. The model development 
process has involved the following steps: 

1. Definition of the model scope.  

2. Selection of modelling approach and type of simulation to be used.  

3. Data collection and preparation. 

4. Model development and implementation.  

5. Error checking. 

6. Model calibration. 

7. Model review and application to use cases. 

The results of the validation experiments demonstrate validity of the methodology applied and show 
that the model performance is acceptable. The collection of extra traffic data will improve the 
robustness of the two simulation models.   

In the next stage of the project, the simulation model of the airport passenger terminal processes 
developed in WP4 ‘Modelling of passenger terminal processes’ will be integrated with the simulation 
model of the airport access/egress developed. The models developed in WP4 and WP5 will 
communicate with each other by exchanging information about passenger flows. The output of the 
terminal model will be the number of passengers leaving the airport terminal from a specific exit, at a 
specific time. This output will be aggregated according to a specific time interval based on the system’s 
state update of the access-egress model. For example, it could be aggregated according to the number 
of passengers leaving the airport terminal in a time-interval of 5, 15, 30, 60 minutes. The output of the 
access-egress model will feed the terminal model with the number of passengers accessing the airport 
terminal, at a specific time, using a specific access point.  

 

Figure 82: Input/output between access-egress and airport terminal models 

This integration will be carried out in WP6 it will require the development of an interface between the 
two simulation models.  
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