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Resumen 

Las redes de tráfico aéreo, donde los aeropuertos son los nodos que interconectan el 

conjunto del sistema, tienen una naturaleza estocástica y variable en el tiempo. Un incidente 

en el entorno del aeropuerto puede propagarse fácilmente a través de la red y amplificar 

sus efectos a nivel del sistema. Este estudio desarrolla un análisis funcional del flujo de la 

aeronave a través del marco conocido como Airport Transit View (ATV), centrándose en las 

operaciones integradas para el espacio aéreo circundante y el lado aire del aeropuerto. Se 

utiliza un límite espacial dinámico asociado con el concepto de Extended-Terminal 

Manoeuvring Area (E-TMA), que permite enlazar operaciones de llegada y salida. 

Las operaciones aeroportuarias son caracterizadas a través de diferentes marcas o hitos 

temporales, que surgen de la combinación de un Business Process Model (BPM) para el flujo 

de la aeronave y la metodología Airport-Collaborative Decision Making (A-CDM). Este 

enfoque mixto de “marcas temporales” nos permite estudiar sucesivas tareas jerárquicas en 

la operativa. El objetivo es establecer una taxonomía que clasifique la capacidad del sistema 

para "recibir y transmitir" flujos de aeronaves según el cumplimiento de los horarios 

previstos. Mediante el registro del retraso acumulado a través de los diferentes procesos y 

el análisis de su evolución, se proponen varios indicadores para evaluar el nivel de 

saturación del sistema y su capacidad para garantizar un flujo adecuado de aeronaves en 

términos de eficiencia temporal. Estas métricas nos proporcionan evaluaciones precisas de 

posibles problemas de congestión y demoras. 

Además, el estudio establece una metodología para predecir y evaluar el estado 

operativo del sistema aeroportuario (como medio para gestionar la incertidumbre asociada 

a su operativa). Esta metodología se estructura en dos pasos: la etapa de predicción y la 

etapa de confiabilidad. En primer lugar, el modelo de predicción se basa en un enfoque de 

Redes Bayesianas: las relaciones entre los factores que influyen en los procesos de las 

aeronaves se evalúan para crear un modelo gráfico probabilístico. Este modelo aumenta la 

previsibilidad y, por lo tanto, mejora la robustez del sistema (permite la inferencia cruzada 

para obtener conclusiones bajo incertidumbre, cuando están involucrados patrones de 

interacción complejos y múltiples fuentes de información). El modelo predice los retrasos a 

la salida y el nivel de congestión del sistema (nodos resultado), dada la probabilidad de 

tener diferentes valores en las variables de control causales (lo que se denomina análisis 

directo). Además, al establecer un valor objetivo para los niveles de demora o congestión, el 

modelo admite un análisis inverso y proporciona la configuración óptima para los nodos de 

entrada (lo que permite localizar los principales precursores para ciertas situaciones). En 

consecuencia, el modelo predice y diagnostica la propagación de demoras y la saturación 

del sistema a través de una visión probabilística, lo que es consistente con el tratamiento de 

procesos de tipo estocástico como son las operaciones aeroportuarias. Como conclusión, se 

presentan varias lecciones aprendidas sobre la propagación de retrasos, la saturación 
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temporal, los precursores de incertidumbre y la recuperación del sistema. Los resultados 

permiten establecer estrategias operativas y sacar conclusiones sobre el rendimiento y las 

funcionalidades del sistema. En segundo lugar, el análisis de la confiabilidad operacional 

para el aeropuerto está fundamentalmente vinculado al conocimiento del comportamiento 

y la dinámica del sistema. Este estudio propone un enfoque basado en sistemas multiestado 

para evaluar las prestaciones del aeropuerto a nivel táctico (escala temporal), centrándose 

en las operaciones de rotación entre vuelos de llegada y salida para el espacio aéreo 

circundante y el lado aire del aeropuerto (escala espacial) y considerando diferentes áreas: 

demora, capacidad, impacto ambiental y complejidad operativa. Los aeropuertos son 

infraestructuras de transporte que pueden completar sus tareas con niveles de rendimiento 

parciales: fallos en algunos elementos del sistema pueden conducir a una degradación 

gradual del comportamiento global, que no se puede evaluar con la visión binaria 

tradicional de confiabilidad (funciona - no funciona). Para considerar esta granularidad en 

las prestaciones del sistema, nuestro modelo utiliza un enfoque que analiza múltiples 

estados parciales. El uso de las cadenas de Markov nos permite predecir la evolución de la 

confiabilidad/degradación del sistema y pasar de la aplicación de medidas reactivas a 

proponer intervenciones predictivas. Por lo tanto, el modelo representa una evolución 

desde la visión tradicional correctiva y binaria del análisis de rendimiento y degradación 

hacia un enfoque predictivo y multiestado. El modelo también considera el impacto de la 

estocasticidad en la predicción de prestaciones mediante la evaluación de la dinámica 

operativa del sistema. Los resultados muestran que el aeropuerto tiende a evolucionar hacia 

estados reparados, y que los retrasos son los principales impulsores de la dinámica de 

rendimiento del aeropuerto. 

Los procesos en tierra de la aeronave son un camino crítico en la red de tráfico aéreo. 

Una gestión adecuada y fiable del tiempo de rotación programado en el aeropuerto es 

esencial para la robustez y eficiencia del sistema. Este estudio presenta un método basado 

en programación dinámica adaptativa y aprendizaje por refuerzo para optimizar las 

políticas de las aerolíneas con respecto a la programación de los tiempos de rotación. El 

modelo utiliza la demora de llegada y el nivel de congestión del aeropuerto como variables 

de estado, mientras que el tiempo de rotación es la variable de control. El enfoque incorpora 

un bucle de control que es capaz de adaptar la política propuesta a los cambios en el sistema, 

lo cual constituye una característica clave debido a la naturaleza no lineal, estocástica y 

variable con el tiempo de las operaciones aeroportuarias. Además, la metodología 

propuesta proporciona una regla para la toma de decisiones y no únicamente un valor 

óptimo estático. La función de costes del método no sólo considera los costes de demora y 

de búfer (tiempo de “amortiguación”), sino también los costes relacionados con las 

perturbaciones en el cumplimiento de los horarios, las demoras internas (locales) y el nivel 

de congestión en el aeropuerto. Así, este enfoque amplía el problema de asignación del 

tiempo de rotación hacia una visión global a nivel de sistema. El análisis se centra en dos 

aerolíneas con diferentes modelos de negocio. Los resultados muestran que un uso preciso 

de los métodos de asignación del tiempo de rotación puede ayudar a los operadores aéreos 

a gestionar el rendimiento en la operativa, al minimizar los costes del sistema. 
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Las metodologías propuestas se validan a través de varios casos de estudio en un 

importante aeropuerto europeo con estructura ‘hub’ (Madrid): se utiliza una colección de 

160,460 rotaciones (registradas en 2016) para determinar estadísticamente las 

características operativas del flujo de la aeronave, así como para evaluar y predecir el estado 

del sistema en el entorno aeroportuario. 

La contribución de la tesis es cuádruple: (i) presenta una nueva metodología 

probabilística para abordar la incertidumbre en operaciones aeroportuarias, vinculando los 

vuelos de llegada con los vuelos de salida (etapa de rotación); (ii) proporciona información 

sobre las interdependencias entre los factores que afectan al rendimiento y las prestaciones 

del sistema; (iii) evalúa la dinámica operativa del aeropuerto; y (iv) propone un modelo 

para optimizar las políticas de respuesta. 

Palabras clave: Operaciones Aeroportuarias; Redes Bayesianas; Sistemas Multiestado; 

Procesos de Markov; Control Dinámico; Previsibilidad; Confiabilidad; Rendimiento. 
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Abstract 

Air traffic networks, where airports are the nodes that interconnect the entire system, 

have a time-varying and stochastic nature. An incident at the airport environment may 

easily propagate through the network and generate system-level effects. This study 

develops a functional analysis of the aircraft flow through the Airport Transit View (ATV) 

framework, focusing on the airspace/airside integrated operations. In this analysis, we use 

a dynamic spatial boundary associated with the Extended-Terminal Manoeuvring Area (E-

TMA) concept, so inbound and outbound timestamps can be considered and linked. 

Aircraft operations are characterised by different temporal milestones, which arise from 

the combination of a Business Process Model (BPM) for the aircraft flow and the Airport-

Collaborative Decision Making (A-CDM) methodology. This timestamp approach allows us 

to study successive hierarchical tasks. The objective is to establish a taxonomy that classifies 

the system’s capacity to “receive and transmit” aircraft streams with adherence to the 

expected schedule. By considering the accumulated delay across the different processes and 

its evolution, several indicators are proposed to evaluate the system’s level of saturation 

and its ability to ensure an appropriate aircraft flow in terms of time-efficiency. These 

metrics provide us with accurate assessments of potential congestion and delay issues. 

Moreover, the study sets out a methodology for predicting and evaluating the 

operational state of the airport system (uncertainty management). This methodology is 

structured in two steps: the prediction stage and the reliability stage. First, the prediction 

model is based on a Bayesian Network approach: relationships between factors influencing 

aircraft processes are evaluated to create a probabilistic graphical model. This model 

increases predictability, hence improving the system’s robustness (it allows cross-inference 

for deriving conclusions under uncertainty, where multiple sources of information and 

complex interaction patterns are involved). The model predicts outbound delays and 

system congestion (output nodes) given the probability of having different values at the 

causal control variables (forward analysis). Furthermore, by setting a target to delay or 

congestion, the model performs a backward analysis and provides us with the optimal 

configuration for the input nodes (location of main drivers and precursors for certain 

situations). Consequently, the model predicts and diagnoses delay propagation and system 

saturation through a probabilistic view, which is consistent with the treatment of 

stochastic-like processes as airport operations. We present several lessons learned 

regarding spread of delay, time saturation, uncertainty precursors and system recovery. 

These results can be applied to derive operational strategies and draw conclusions 

regarding performance. Second, the analysis of the airport operational reliability is 

fundamentally linked to the knowledge of the system’s behaviour and dynamics. This study 

proposes a model based on a Multistate System approach for assessing airport performance 

at a tactical level (time scale), focusing on the airspace-airside turnaround operations 
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(space scale) and considering different areas: delay, capacity, environmental impact and 

operational complexity. Airports are transportation infrastructures that can complete their 

tasks with partial performance levels: failures of some system elements may lead to partial 

degradation of the system behaviour, which cannot be assessed with the traditional binary 

reliability view (working – not working). To consider this performance granularity, our 

model uses a Multistate approach. A Markov-chain based methodology allows us to predict 

the system’s reliability evolution and move from reactionary measures to predictive 

interventions. Hence, the model represents an evolution from the traditional corrective and 

binary vision of performance analysis towards a predictive and multistate approach. It also 

considers the impact of stochasticity on performance prediction by assessing the system 

operational dynamics. Results show that the airport tends to evolve towards repaired 

states, and that delays are major drivers for airport performance dynamics. 

Airport ground processes are a critical path in the air traffic network. The management 

and reliability of the scheduled turnaround time is essential for the system’s robustness and 

efficiency. This study presents a method based on adaptive dynamic programming and 

reinforcement learning to optimise airline policies regarding the scheduling of turnaround 

times. The model uses arrival delay and the airport level of congestion as state variables, 

while the turnaround time is the control variable. The feedback control approach is capable 

to adapt the proposed policy to changes in the system, which is a key feature due to the non-

linear, stochastic and time-varying nature of airport operations. Moreover, the methodology 

provides a decision-making rule and not only a static optimal value. The cost function of the 

method considers delay and “buffer” costs, but also costs related to perturbations in 

schedule adherence, internal (local) delays and airport level of congestion. This approach 

widens the turnaround time allocation problem to a system-level view. We focus the 

analysis on two carriers with different business models. Results show that an accurate use 

of turnaround time allocation methods may help airlines to manage the punctuality 

performance of aircraft during turnaround operations by minimising system costs. 

The proposed methodologies are validated through several case studies at a major 

European hub airport (Madrid): a collection of 160,460 turnaround operations (registered 

at 2016) is used to statistically determine the operational characteristics of the aircraft flow, 

and also to evaluate and predict the system’s state at the airport surrounding environment. 

The contribution of the thesis is fourfold: (i) it presents a novel probabilistic approach to 

tackle uncertainty in airport operations, when linking inbound and outbound flights 

(rotation stage); (ii) it provides insights on the interdependencies among factors driving 

performance; (iii) it evaluates airport operational dynamics; and (iv) it proposes a model to 

optimise response policies. 

Keywords: Airport Operations; Bayesian Networks; Multistate Systems; Markov 

Processes; Dynamic Control; Predictability; Reliability; Performance. 
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1. Introduction 

The Introduction section briefly places this study in a broad context and highlights why 

it is important. It defines the purpose of the work and its significance. This section also 

includes a description of both the approach and scope of the research. Finally, it revises the 

main aim and objectives of the work (the research question) and appraises its principal 

motivation and contributions. 

 The importance of airport operations 

 Air transport industry 

The global air transport industry has matured into a vast and complex system of 

interrelated technical, economic and organisational components, all of which must work in 

harmony to ensure the safe and reliable operation of air transportation services [1]. 

Contributing to each of these components are numerous stakeholders with diverse 

perspectives and interests: 1,300 commercial airlines operating almost 32,000 aircraft to 

over 3,700 airports, serving 45,000 routes, registering 41.9 million commercial flights with 

170 air navigation service providers and carrying 4.1 billion passengers annually (data for 

2018 according to [2]). Aviation is not only a significant business in its own right (it supports 

3.6% of the global GDP [2]), it is also an important player in world commerce and politics, 

as well as security and environmental policy. Despite all this complexity, the air transport 

industry operates continuously, beyond the dynamics of the technical, commercial, legal, 

regulatory, industrial and human systems, as well as the competitive and political pressures 

that affect the world’s aviation stakeholders (e.g., airlines, airports, handling agents, air 

navigation service providers in a in a seamless value chain). Although this industry delivers 

significant levels of punctuality (almost 81% of flights were on-time in 2018 [3]), with high 

standards of safety (2011 was the safest year on record for commercial aviation worldwide 

with one passenger fatality per 7.1 million air travellers, [4]), air transport faces new 

challenges regarding congestion and resource optimisation [5]–[7]. Air Traffic Control 

(ATC) and airport capacity constraints are becoming a limiting factor in many regions of the 

world. The principal “bottlenecks” are the runway systems of the world’s busiest airports 

and the terminal airspace around them [1]. This study focuses its spatial scope in these 

operational areas, with the aim of developing new forms for characterising and predicting 
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airport performance (airspace/airside1 integrated processes), and moving from a reactive, 

incident-based approach toward a more proactive, predictive and systems-based approach. 

The air transport industry depends vitally on a global infrastructure that consists of 

regional and national Air Traffic Management (ATM) systems and airports. ATM is a critical 

factor in air transport operations, as in most of the world all the phases of a scheduled airline 

flight from taxi-out and take-off to landing and taxi-in require the approval of ATC [8]. In 

order to execute flight schedules efficiently, all involved stakeholders must understand the 

functioning of the ATC system and the constraints it imposes. Moreover, airports represent 

the interconnection nodes of the air transport system, which help aircraft distribution 

through the network, enable crew and passenger connectivity and ease transport modal 

changes [9]–[11]. This system must be resilient to service disruptions, temporary loss of 

capacity, unforeseen increments of demand and punctuality problems [12]. Furthermore, 

uncertainty of operational conditions (e.g. runway configuration, aircraft performances, air 

traffic regulations, airline business models, ground services, meteorological conditions) 

makes airspace/airside integrated operations a stochastic phenomenon [8], [13]–[17]. This 

requires new models and tools to improve predictability and reliability, by managing 

uncertainty and optimizing the operational response. The goal of an accurate prediction of 

performance rates, delay propagation and congestion levels is to understand the system 

behaviour and its operational dynamics. It also seeks to anticipate the required corrective 

measures to facilitate airport and air traffic operations. 

 The evolution towards an air-to-air perspective 

From an air transportation system view, a flight could be seen as a gate-to-gate or an air-

to-air process; while the gate-to-gate perspective is more focused on the flown part of the 

aircraft trajectory, the air-to-air process concentrates on the airport ground operations to 

enable efficient flight operations and reliable departure times [18], [19]. Typical standard 

deviations for airborne flights are 30 s at 20 min before arrival [20], but could increase to 

15 min when the aircraft is still on the ground [21]. As Figure 1-1 demonstrates, the average 

time variability (measured as standard deviation) is higher during the flight phase (5.3 min) 

than in the taxi-out (3.8 min) and taxi-in (2.0 min) phase, but it is significantly lower than 

the variability of both departure (16.6 min) and arrival (18.6 min) timestamps [22]. If the 

aircraft is departing the airport, changes with regards to the arrival time are comparatively 

                                                            

 

1 The “airside” (or “airfield”) of and airport includes the runways, taxiways, aprons, aircraft maintenance 
areas, and air traffic control facilities and equipment, as well as the land that surrounds all of these [9], 
[17]. Meanwhile, “airspace” refers here to operations in the airport’s surrounding airspace (potential 
holdings, final approach and initial climb) [1]. By “airspace/airside integrated processes” we understand 
all related services and operations aimed at ensuring the safe and efficient movement of air traffic though 
the airport’s surrounding airspace and on the ground at airports. It includes models and analysis of airport 
surface operations and the coordination of local airport management decisions with the surrounding 
airspace decisions. 
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small [23]. Thus, the arrival punctuality is clearly driven by the departure punctuality (i.e., 

changes experienced during the gate-to-gate phase are relatively small, leading to a 

translation of departure variability into arrival one). 

 

Figure 1-1. Schematic. Variability of flight phases (air-to-air perspective). Adapted from [22]. 

The departure and arrival punctualities in 2016 are shown in Figure 1-2, where 

punctuality is defined as not being later than 15 min with regards to the scheduled time. 

 

Figure 1-2. Departure and arrival punctuality (gate-to-gate perspective). Adapted from [22]. 

Punctual air traffic operations depend on the performance of all parties involved 

(airlines, airport, network management, air navigation service providers, handling gents). 

For instance, airlines strategically implement buffers to absorb a part of the delay generated 

by tactically reducing its propagation and achieving a desired target of punctuality [24], 

[25]. In 2016 only 81% of the flights were punctual (delay shorter than 15 min)—a 

decreasing trend since 2013, when there was 84% punctuality [22]. Once different 

initiatives have successfully decreased airborne delay over the two last decades, the next 

opportunity for time-efficiency improvement rely on airport operations [15]. 
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 Airport operations in the air transport network 

Air transport operations rely on a complex network architecture, where several facilities, 

processes and agents are interrelated and interact with each other [26]. In this large-scale 

and dynamic system, airports are the interconnection nodes that help aircraft distribution 

through the network and act as transport modal changes for passengers [1]. Airport 

airspace/airside operations move the flight from arrival to departure ensuring the 

adherence to reliable departure times. Therefore, airports represent a fundamental stage 

regarding efficiency, safety, passenger experience and sustainable development [27]; 

although they usually are a source of capacity constrains for the entire air traffic network 

[28]. Potential incidents, failures and delays (due to service disruptions, unexpected events 

or capacity constraints) may propagate throughout the different nodes of the network, 

making it vulnerable [12], [29], [30]. This situation has led to system-wide congestion 

problems and has worsened due to the strong growth in the number of airport operations 

during the last decades [31]. 

 Turnaround processes as a key operational framework 

The Turnaround Time (TAT) of aircraft is defined by IATA’s Aircraft Handling Manual 

(AHM) [32] as the time period an aircraft occupies a stand or a gate at the airport. Aircraft 

ground handling, or also referred to as turnaround, is a fundamental part of commercial 

aircraft operations and describes all operations for preparing an aircraft for flight [19], [33], 

[34]. The turnaround process starts when the aircraft reaches the parking position after 

landing and the chocks are set (‘on-block time’). The parking position can be either located 

at the terminal, referred to as gate position, or on the apron, known as remote position. The 

process ends when the aircraft is ready to leave, and the chocks are removed (‘off-block 

time’) [32]. The turnaround consists of five major tasks [12], [27], [35]: de-boarding, 

catering, cleaning, fuelling, and boarding, as well as the parallel processes of unloading and 

loading (Figure 1-3). 

 

Figure 1-3. Turnaround processes for B787-10. Adapted from [36]. 
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The ground operational processes are the connecting element between aircraft en-route 

operations and airport infrastructure. An efficient aircraft turnaround is an essential 

component of airline success, especially for regional and short-haul operations, where 

turnaround represents an important portion of the aircraft flight cycle [33]. It is imperative 

that advancements in ground operations, specifically process reliability and level of service, 

are developed while dealing with increasing traffic in the next years [33], [37]. Nowadays, 

ground operational procedures are highly optimised for available infrastructure and 

aircraft types [38]. Further improvements can be made by refining process execution, 

providing better predictability for each step, improving on-time performance and reducing 

additional planned buffer times [33]. 

If we focus on departure delay (Figure 1-4), it can be broken down into four delay 

groupings: airline, reactionary, en-route (Air Traffic Flow and Capacity Management, 

ATFCM), and weather (other than “pure” ATFCM, but ATFCM delays due to weather at 

destination) delays. This grouping is based on the standard IATA delay codes defined in the 

Airport Handling Manual [32]. The airline delay causes range from delay code 11 “late 

check-in (passenger and baggage)” to delay code 69 “captain request for security check”. 

The reactionary delay (code 91–96) considers causes of load connection: check-in error, 

rotation (aircraft, crew, cabin crew), and operation. Throughout an average day, in the 

EUROCONTROL Statistical Reference Area [39], [40], reactionary delay starts at 18% and 

reaches a maximum of 66% and 21:00 UTC due to the network effect [31]. During that time, 

the airline delay decreases from 37% to 21%. The delay caused by en-route and weather 

impacts has only a minor influence, indicated by a relatively stable, average share of 8% and 

6%, respectively. The local turnaround delays, caused by airlines, airport operators, ground 

handlers, and other parties, accounted for 35% of all departure delays in 2016, where the 

average departure delay per flight reached 11.2 min [22]. All this demands a sustainable 

improvement of the turnaround efficiency and predictability, supported by local initiatives 

such as A-CDM or APOC (Airport Operations Centre), a platform for stakeholder 

communication and coordination [41]. 

 

Figure 1-4. Average departure delay per flight by hour of the day (adapted from [39], [40]). 



1. Introduction 

6 
 

 Airport Transit View (ATV): airspace/airside integrated operations 

The Airport Transit View (ATV) concept describes the “visit” of an aircraft to the airport 

[42]. This framework connects inbound and outbound flights, providing a tool to optimise 

airport operations and to enable a more efficient and cost-effective deployment of operator 

resources. It integrates airside operations (landing, taxiing, turnaround and take-off) and 

surrounding airspace operations (holding, final approach and initial climb) [27], [43], [44]. 

Moreover, the Airport Operations Plan (AOP)2 guarantees a common agreed operational 

strategy between local stakeholders, providing knowledge of the current situation and 

detecting deviations [42]. It aims to achieve early decision making and an efficient 

management of the aircraft processes. In this sense, the Airport Collaborative Decision 

Making (A-CDM) concept ensures that common situation awareness is reached between 

stakeholders [42]. Moreover, the implementation of the 4D-trajectory operational concept 

in the future Air Traffic Management (ATM) system will impose on aircraft the compliance 

of very accurately arrival times over designated points, including Controlled Times of 

Arrival (CTAs) at airports [41], [45], [46]. The description of the "visit" of an aircraft to the 

airport consists basically of three separate sections (Figure 1-5): 

• The final approach and inbound ground section of the inbound flight. 

• The turnaround process section in which the inbound and the outbound flights 

are linked. 

• The outbound ground section and the initial climb segment of the outbound 

flight. 

 
Figure 1-5. Airport Transit View (ATV) concept. 

                                                            

 

2 The Airport Operations Plan (AOP) represents a single, common and collaboratively agreed rolling plan 
available to all airport stakeholders whose purpose is to provide common situational awareness and to 
form the basis upon which stakeholder decisions relating to process optimisation can be made [42]. 
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 Airport Collaborative Decision Making (A-CDM) and its Milestones 
Approach 

The Aviation System Block Upgrades (ASBU) scheme of the International Civil Aviation 

Organisation (ICAO) delivers a timeline to implement efficient flight paths by full 4D 

trajectory-based operations [47]. In the ASBU Block 0 (available), improved airport 

operation through Airport Collaborative Decision Making (A-CDM [48]) is a mandatory 

element.  A-CDM aims at improving the overall efficiency of airport operations by optimising 

the use of resources and improving the predictability of events. It focuses especially on 

aircraft turnaround and pre-departure sequencing processes (A-CDM follows the principle 

that a departing flight is fundamentally a continuation and re-identification of an arrival 

flight that transitions through a ‘ground trajectory’ phase). Increased predictability can be 

of significant benefit for all major airport and network operations; it raises both 

productivity and cost-efficiency. Main objectives of the A-CDM programme are [48]: 

• Improve predictability. 

• Improve on-time performance. 

• Reduce ground movement costs. 

• Optimise/enhance use of ground handling resources. 

• Optimise/enhance use of stands, gates and terminals. 

• Optimise the use of the airport infrastructure and reduce congestion. 

• Reduce ATFCM (Air Traffic Flow and Capacity Management) slot3 wastage. 

• Flexible pre-departure planning. 

• Reduce apron and taxiway congestion. 

A-CDM is thus the concept which aims at improving Air Traffic Flow and Capacity 

Management (ATFCM) at airports by reducing delays, improving the predictability of events 

and optimizing the utilisation of resources. 

The Milestones Approach for the turnaround process is one of the conceptual core 

elements for the A-CDM implementation. It aims to achieve common situational awareness 

by tracking the progress of a flight from the initial planning to the take off. The Milestone 

Approach describes the progress of a flight from the initial planning to the take off by 

defining Milestones to enable close monitoring of significant events. This framework seeks 

                                                            

 

3 A landing slot, take-off slot, or airport slot is a permission granted by the owner of an airport designated 
as Level 3 (Coordinated Airport), which allows the grantee to schedule a landing or departure at that 
airport during a specific time period. Landing slots are allocated in accordance with guidelines set down 
by the IATA's Worldwide Airport Slots Group. All airports worldwide are categorized as either Level 1 (Non-
Coordinated Airport), Level 2 (Schedules Facilitated Airport), or Level 3 (Coordinated Airport). Schedule-
coordinated airports declare a value of capacity and allocate administratively a corresponding number of 
slots to air carriers [67], [404]. 



1. Introduction 

8 
 

to predict the forthcoming events for each flight with off-blocks and take off as the most 

critical events. The Milestone Approach focuses on [48]: 

• A set of selected milestones along the progress of the flight (arrival, landing, taxi-

in, turnaround, taxi-out and departure), where the partners involved in the flight 

process change. 

• Time efficiency performance, which is measured for each milestone or between 

two milestones. 

A total of 16 basic Milestones have been defined (see Section 4.3 and Annex A for 

definition of each timestamp) [48]: 

 

Figure 1-6. A-CDM milestones [48]. 

A- CDM is now embedded in the ATM operational concept as an important enabler that 

will improve operational efficiency, predictability and punctuality to the ATM network and 

airport stakeholders. The A-CDM implementation is proven to provide several benefits in 

areas such as delay/capacity management, resource allocation, operational predictability, 

noise abatement and fuel savings for all major stakeholders, including airlines, ground 

handlers and the network manager [49], [50]. Particularly, operational benefits are related 

to: arrival predictability, off-block predictability, additional taxi-out time reduction¸ better 

resource allocation, peak departure rates management, operations recovery enhancement 

(system robustness), take-off predictability and ATFCM delay reductions [50]. 

 The impact of 4D-trajectory operational concept on airports 

To manage increasing air traffic demand, the future Air Traffic Management (ATM) 

system will rely on Trajectory Based Operations (TBO). This will require aircraft to follow 

an assigned 4D-trajectory (time-constrained trajectory) with high precision [41], [46]. TBO 

involves separating aircraft via strategic (long-term) trajectory definition, rather than the 
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currently-practicing tactical (short-term) conflict resolution [45]. The main goal is to 

increase air traffic capacity by reducing the controllers’ workload. Nevertheless, real time 

measures over the trajectory will be required to improve reliability and react to unplanned 

conditions; thereby, maintaining expected capacity [42]. The 4D-trajectory concept (as the 

core element for developing TBOs) involves integrating time into the 3D aircraft trajectory. 

In other words, each point is defined by position (latitude, longitude and flight level) and 

time. Certain restrictions are currently associated with flight levels. In the future 

operational framework, it is foreseeable that there will be restrictions with respect to time 

[51], [52]. 4D-trajectories will enable a flight to follow a practically unrestricted, optimum 

trajectory for as long as possible. In exchange, the aircraft will be obliged to meet very 

accurately an arrival time over a designated point. In the context of TBO, airspace users will 

agree a preferred trajectory with Air Navigation Service Providers (ANSPs) and airport 

operators (AOs). Aircraft and ground systems will exchange information on the trajectory 

and the expected airspace capacity to ensure that flights comply with the assigned 

Controlled Time of Arrival (CTA) [51], [52]. 

The 4D operations concept is based on two different elements, that have a key impact on 

airport operations (mainly regarding punctuality and predictability of events) [42], [53]: 

• Synchronisation between air and ground 4D trajectory. 

• Strategic metering and sequencing of flights using CTO or CTA (Controlled Time 

Over/Controlled Time of Arrival) when and where required (e.g. in constrained 

airspace). 

SESAR Concept of Operations Step 2 [42] introduces gate-to-gate 4D trajectory 

management from planning to post-flight through the systematic sharing of aircraft 

trajectories, including airport processes. Airport Operations planning is now fully 

integrated in the management of the ATM network. Airport turnaround, surface and runway 

operations will become seamless through the use of automation support tools for departure, 

arrival and surface movement planning linked to demand and capacity balancing and the 

user driven prioritisation processes. 

Therefore, future 4D aircraft trajectories demand consideration of economic, 

environmental and operational constraints. The prediction of aircraft processes along their 

whole trajectories is required to achieve punctual operations [42]. Uncertainties during the 

airborne phase of flights represent only a minor impact on the overall punctuality: in the 

current operational environment, ground tasks gain more relevance [19], [54]. The focus on 

ground operations will allow the different stakeholders to define and maintain a 

comprehensive 4D aircraft trajectory over the day of operations. Using a reliable and 

predictable departure time is one of the main tasks of the ground activities. Mutual 

interdependencies between airports, as departing delays propagate thought the network, 

result in system-wide far reaching effects. In 2016, reactionary delays continued to be the 

main delay cause, followed by turn around delays, accounting for 46% of departure delays. 

4D-trajectory management aims to enhance airport operations by reducing uncertainty and 

improving predictability of timestamps. 
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 Uncertainty in airport operations 

As introduced in Section 1.1.1, uncertainty of operational conditions (e.g. runway 

configuration, aircraft performances, air traffic regulations, airline business models, ground 

services, meteorological conditions) makes airspace/airside integrated operations a 

stochastic phenomenon [8], [13]–[16]. To ensure continuous traffic demand at runways and 

maximise airport infrastructure usage, a minimum level of queuing is required. However, 

additional time in holdings and buffers may originate incremental delays, and is detrimental 

to operations efficiency, fuel consumption and environmental sustainability [8], [44], [55]. 

This provides us with an opportunity to develop conceptual tools and new models to help 

achieve a trade-off between operational efficiency and airport throughput. It is therefore 

necessary to define methodological frameworks to improve predictability and reliability of 

the airspace/airside integrated operations. Hence, the main goals of this study regarding 

uncertainty are: (a) to analyse and characterise the aircraft flow of processes in order to 

understand uncertainty dynamics; (b) to generate a causal probabilistic model and a 

reliability model in order to manage uncertainty in the ATV environment; and (c) to present 

a methodology to optimise the system’s response against uncertainty propagation. 

When aircraft cannot fly unimpeded 4D trajectories, there are generally three places at 

which queuing takes place (with the emergence of the associated uncertainty in time), as 

illustrated in Figure 1-7 [22]: 

• At the departure stand (pre-departure queuing to optimise network 

performance). 

• At the departure runway (take-off queuing, e.g. runway holding). 

• In the arrival terminal airspace (arrival queuing in the Arrival Sequencing and 

Metering Area or ASMA, using speed control, stacks, holding, extension of 

approach path etc.). 

 

Figure 1-7. Outbound and inbound traffic queues from a flight phase perspective [22]. 
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The operation of a complex system in a varying environment can lead to unacceptable 

levels of risk [56]. The unintended consequences of system failure or under-performance 

make it imperative to understand and manage operational uncertainty; particularly in the 

tactical phase (day of operations), when the air transport system is more vulnerable to 

demand/capacity imbalances and delay propagation [12], [57]–[59]. Thus, in order to 

explain and handle the inherent uncertainty of airport operations, we will propose several 

models that allow us to: (i) characterise interdependences between elements involved in 

the aircraft flow, (ii) implement a probabilistic approach to measure, assess and predict the 

system’s operational performance; (iii) evaluate causal relationships between factors that 

affect operations; (iv) appraise the system’s operational behaviour and dynamics; and (v) 

analyse and predict the airport performance reliability. 

 Airport performance and demand management 

Airport performance depends on three primary factors [60], [61]: (a) airport capacity, 

(b) operations management, and (c) flight scheduling. Demand and capacity management 

interventions can thus be classified into three categories. First, infrastructure expansion 

aims to increase potential capacity through the development of new airports or the 

expansion of existing ones [17], [60]. Second, operational enhancements aim to improve the 

efficiency, reliability and sustainability of airport operations, given the available physical 

and technological infrastructure and fully complying with safety constraints [12], [43]. 

Third, demand management aims to modify the temporal and/or spatial characteristics of 

demand through access regulation that controls the number of peak-hour flights scheduled 

at the busiest airports, or through incentives to spur demand at off-peak hours or at 

underserved airports [58], [62]–[64]. Although interdependent, these decisions are 

typically made in sequence: airports first plan their capacity based on demand forecasts, 

then optimise air traffic handling procedures to minimise operating costs, and, last, may 

need to implement demand management schemes if capacity lies well below airline demand 

[9]–[11]. Figure 1-8 provides a schematic representation of these decisions and their impact 

on airport demand, capacity and, ultimately, performance. 

 

Figure 1-8. Schematic representation of airport planning, management and operations (decisions are 
indicated in dashed lines) [60]. 
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This study is focused on the two last categories: operational enhancements and demand 

management. The goal is to provide models and tools that help airport operators and air 

navigation service providers to manage uncertainty, by increasing predictability and 

reliability of operations. 

The design and optimisation of demand and capacity management interventions 

requires contributions from the fields of transportation economics, management, and 

operations [60]. From an economic standpoint, an efficient scheme allocates scarce airport 

capacity to the users that assign the highest value to it, through quantity-based or price-

based mechanisms [65]–[67]. From a managerial standpoint, decision-making tools support 

the planning of airport capacity (a supply-side intervention) and the scheduling of flights (a 

demand-side intervention) [16], [62], [68], [69]. From an operational standpoint, the 

characterisation of airport capabilities makes it possible to predict and, where possible, 

improve performance [16], [66], [70], [71]. This study focuses on the management and 

operations problems. Specifically, it describes a bottom-up approach that begins with the 

characterisation of airport operating capabilities and demand patterns, and provides 

decision-making support models for enhancing airport performance through operational 

improvements and demand management. 

Given the state of airport infrastructure, capacity limitations impose constraints on 

airport operations and, if coupled with strong demand, may result in air traffic queues and 

flight delays [66]. In this study, we describe the dynamics of airport congestion and propose 

an analytical model that estimate delays as a function of the different elements influencing 

operations (flight schedules, airport capacity and infrastructure, weather conditions, traffic 

regulations). We then identify the main drivers of airport on-time performance, and discuss 

the implications for the planning, management and operations of airport systems 

Demand for airport access consists of scheduled flights by the airlines and unscheduled 

ones by general aviation and military aircraft. Airport queues, and resulting flight delays, 

occur when demand exceeds runway capacity [16]. As explained in Section 1.1.8, departing 

aircraft will queue primarily on taxiways next to runways, and arriving aircraft primarily in 

“holding patterns” in the terminal airspace [22]. In order to reduce fuel burn and other costs 

of delays, recent procedures aim to absorb departure delays at gates [14], [72], and arrival 

delays in en-route airspace (e.g., through speed control or re-routing) or at the origin airport 

when a Ground Delay program is implemented [73]. Demand for airport access is primarily 

determined by airline scheduling of flights, based on managerial objectives (e.g., profit 

maximisation), constraints (e.g., fleet and crew availability, aircraft turnaround times) and 

social factors (e.g., underlying passenger demand) [68]. It involves a number of 

interdependent airline decisions, ranging from network and route planning through 

frequency planning and flight timetabling to pricing and revenue management [12]. Over-

capacity scheduling at busy airports may occur as a result of growth in air traffic demand 

and of airline competitive dynamics that create incentives for high schedule frequencies on 

each origin-destination market, potentially through the use of smaller aircraft [1], [74]. 
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 The problem of uncertainty management 

Uncertainty refers to epistemic situations involving imperfect or unknown information 

[75]. It applies to predictions of future events, to physical measurements that are already 

made, or to the unknown. Uncertainty arises in partially observable and/or stochastic 

environments (i.e. partial observability, non-determinism, or a combination of the two) 

[56], [76]. Main sources of uncertainty are [77]: partial knowledge about the analysed 

domain, misunderstanding or wrong interpretation of the domain, stochastic relationships 

of variables in the domain, non-quantifiable or vague attributes involved in the domain, 

abstract reasoning required to describe the domain or non-deterministic nature of the 

domain. As discussed in Section 1.1.8, the airspace/airside integrated operations represent 

a domain where several of those sources of uncertainty arise. 

In this study, we will construct models that are able to manage uncertainty by: 

• Perform probabilistic inference to support belief updating and decision making 

under uncertainty. 

• Acquire knowledge from data/experience. 

• Solve problems efficiently and respond to new situations. 

 Reasoning under uncertainty 

Uncertainty about a single event is quantified by its probability [75]. We are often 

interested, however, not so much in an uncertain event as in an uncertain quantity. An 

uncertain quantity is usually called a random variable. An event either occurs or does not 

occur, whereas a random variable may take any value of some collection of possible values 

[78]. Uncertainty about a random variable X is described by specifying the probability P (X 

≤ x) for any x. So, although we can no longer characterise uncertainty about a random 

variable with a single probability, the description is still in terms of probabilities4. If we 

think of P (X ≤ x) as a function of x, then it is called the (cumulative) distribution function of 

X [75]. 

A probabilistic interaction model between a set of random variables may be represented 

as a joint probability distribution [79]. Considering the case where random variables are 

discrete, it is obvious that the size of the joint probability distribution will grow 

exponentially with the number of variables as the joint distribution must contain one 

probability for each configuration of the random variables [80]. Therefore, we need a more 

compact representation for reasoning about the state of large and complex systems 

involving a large number of variables [81]. 

                                                            

 

4 Note that X ≤ x is an event, the event that the true value of X is less than or equal to x. 
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To facilitate an efficient representation of a large and complex domain with many 

random variables (like the airspace/airside integrated operations), the framework of 

Bayesian Networks (BNs) uses a graphical representation to encode dependence and 

independence relations among the random variables [82], as we will see in Section 6.2. The 

dependence and independence relations induce a compact representation of the joint 

probability distribution [80]. By representing the dependence and independence relations 

of a domain explicitly in a graph, a compact representation of the dependence and 

independence relations is obtained [81], [83]. 

 Representation of uncertainty 

Randomness and uncertain judgment are inherent in most real-world decision problems. 

We therefore need models that supports representation of quantitative measures of 

uncertain statements as well as evidence about states of “the world” and a method for 

combining the statements and the evidence in such a way that consistent posterior 

probabilities and expected utilities can be provided to support belief updating and decision 

making under uncertainty [76], [80]. Probability theory is the prevailing method for dealing 

with uncertainty [56], [84], and it is the one in focus in this study. However, other methods 

have been proposed, as some researchers find probability theory inappropriate for 

presenting some forms of quantitative uncertainty [80]. Probability theory deals with 

uncertainty of well-defined occurrences; that is, the source of ambiguity is occurrence5. 

Situations involving ambiguously and/or vaguely defined occurrences might be better 

represented by other methods. The two most prominent alternative methods for dealing 

with uncertainty are belief theory and fuzzy methods. 

• Dempster and Shafer [85]–[87] developed the belief theory to be able to assign 

measures of uncertainty to sets of events without necessarily having to assign or 

assess uncertainty for single events. Rather than focusing on events, belief theory 

focuses on evidence (on sets of events). 

• Fuzzy methods [88]–[90] address situations where the ambiguity lies in the 

nature of events rather than in their occurrence. Expert systems based on fuzzy 

logic have achieved some popularity in applications involving control loops 

(fuzzy control). 

The stochastic nature of airspace/airside operations, where our main concern is related 

to the occurrence of events, recommends probability theory as the most appropriate way to 

represent uncertainty. Thus, our main tool in this analysis for dealing with degrees of belief, 

predict certain outcomes and model system reliability will be probability theory. 

                                                            

 

5 This will be the main problem we want to tackle in this study: a way to predict the occurrence of events, 
analyse its main drivers and explore dependencies between variables. 
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 Modelling uncertainty for decision-making 

Rule-based systems use rules to interpret information and to make deductions or choices 

[91]. This type of systems, with certainty factors, have serious limitations as a method for 

knowledge representation and support for reasoning under uncertainty [80]. Therefore, a 

probabilistic interpretation of certainty factors has led to the implementation of decision 

graphs and Bayesian Networks (BNs) [81], [83], [92]–[94]. BNs emerge as probabilistic 

graphical models that combine probability and graph theory, and represent a robust 

methodology to deal with uncertainty and complexity [95]. Contrary to rule-based systems 

with certainty factors, inference in BNs is always consistent, and the ability to handle the 

explaining-away problem is embedded naturally in the way in which inference is performed 

in BNs [80], [96]. 

Decision–makers are increasingly willing to consider the uncertainty associated with 

model predictions of the impacts of their possible decisions [81]. Information on 

uncertainty does make decision–making easier. Incorporating what is known about the 

uncertainty into input parameters and variables used in optimisation and simulation 

models can help in quantifying the uncertainty in the resulting model predictions – the 

model output [77], [80]. 

 Graphical models and probabilistic reasoning 

A graphical model (or probabilistic graphical model) is a probabilistic model for which a 

graph expresses the conditional dependence structure between random variables [83], 

[84]. They are commonly used in probability theory, statistics (particularly Bayesian 

statistics) and machine learning [83]. 

Generally, probabilistic graphical models use a graph-based representation as the 

foundation for encoding a distribution over a multi-dimensional space and a graph that is a 

compact or factorized representation of a set of independences that hold in the specific 

distribution [97]. Two branches of graphical representations of distributions are commonly 

used: Bayesian networks and Markov random fields [83]. Both families encompass the 

properties of factorization and independences, but they differ in the set of independences 

they can encode and the factorization of the distribution that they induce [83]. 

Graphical models are an interaction between probability theory and graph theory [98]. 

The topic provides a natural tool for dealing with a large class of problems containing 

uncertainty and complexity [84], like airport operations. These features occur throughout 

applied mathematics and engineering and therefore the material has diverse applications 

in the engineering sciences [83], [98]. Fundamental to the idea of a graphical model is the 

notion of modularity: a complex system is built by combining simpler parts [99]. The 

uncertainty in the system is modelled using probability theory; the graph helps to indicate 

independence structures that enable the probability distribution to be decomposed into 

smaller pieces [98]. 
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Bayesian networks represent joint probability models among given variables [82]. Each 

variable is represented by a node in a graph [81]. The direct dependencies between the 

variables are represented by directed edges between the corresponding nodes and the 

conditional probabilities for each variable (that is the probabilities conditioned on the 

various possible combinations of values for the immediate predecessors in the network) 

are stored in potentials (or tables) attached to the dependent nodes [100]. Information 

about the observed value of a variable is propagated through the network to update the 

probability distributions over other variables that are not observed directly [80]. Using 

Bayes’ rule, these influences may also be identified in a ‘backwards’ direction, from 

dependent variables to their predecessors [81]. 

The Bayesian approach to uncertainty ensures that the system as a whole remains 

consistent and provides a way to apply the model to data [98]. Graph theory helps to 

illustrate and utilise independence structures within interacting sets of variables, hence 

facilitating the design of efficient algorithms. In many situations, the directed edges between 

variables in a Bayesian network can have a simple and natural interpretation as graphical 

representations of causal relationships [101]. This occurs when a graph is used to model a 

situation where the values of the immediate predecessors of a variable in a network are to 

be interpreted as the immediate causes of the values taken by that variable. This 

representation of causal relationships is probabilistic; the relation between the value taken 

by a variable and the values taken by its predecessors is specified by a conditional 

probability distribution [102]. When a graph structure is given and the modelling 

assumptions permit a causal interpretation, then the estimates of the conditional 

probability tables obtained from data may be used to infer a system of causation from a set 

of conditional probability distributions [82]. A Bayesian network is essentially a directed 

acyclic graph, together with the associated conditional probability distributions [83]. When 

a Bayesian network represents a causal structure between the variables, it may be used to 

assess the effects of an intervention, where the manipulation of a cause will influence the 

effect [102]. 

The ability to infer causal relationships forms the basis for learning and acting in an 

intelligent manner in the external world [76]. Statistical and probabilistic techniques may 

be used to assess direct associations between variables; some additional common sense and 

modelling assumptions, when these are appropriate, enable these direct associations to be 

understood as direct causal relations [84], [102]. It is the knowledge of causal relations, 

rather than simply statistical associations, that gives a sense of genuine understanding, 

together with a sense of potential control resulting from the ability to predict the 

consequences of actions that have not been performed, as J. Pearl explains in [102]. 

 Bayesian statistical inference 

The aim of learning is to predict the nature of future data based on past experience [76]. 

A probabilistic model is constructed for a situation where the model contains unknown 

parameters. These parameters are only a mechanism to help estimate future behaviour; 

they are not an end in themselves [79]. The ‘classical’ approach regards a parameter as fixed. 
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It is unknown and has to be estimated, but it is not considered to be a random variable. One 

therefore computes approximations to the unknown parameters, and uses these to calculate 

an approximation to the probability density [79]. The parameter is considered to be fixed 

and unknown, because there is usually a basic assumption that in ideal circumstances, the 

experiment could be repeated infinitely often, and the estimating procedure would return 

a precise value for the parameter. That is, if the number of replications is increased 

indefinitely, the estimate of the unknown parameter converges, with probability one, to the 

true value [103]. This is known as the ‘frequentist’ interpretation of probability. The 

Bayesian approach takes the view that since the parameter is unknown, it is a random 

variable as far as ‘you’ are concerned [104]. A probability distribution, known as the prior 

distribution, is put over the parameter space, based on a prior assessment of where the 

parameter may lie. The experiment is then carried out and, using the data available, which 

is necessarily a finite number of data, the Bayes rule is used to compute the posterior 

distribution, which is the updated probability distribution over the parameter space [98], 

[104]. The posterior distribution over the parameter space is then used to compute the 

probability distribution for future events, based on past experience. Unlike the classical 

approach, this is an exact distribution, but it contains a subjective element. The subjective 

element is described by the prior distribution [104]. 

 The problem of response optimisation 

Optimisation is the selection of a best element (with regard to some criterion) from some 

set of available alternatives [105]. In the simplest case, an optimisation problem consists of 

maximizing or minimizing a real function by systematically choosing input values from 

within an allowed set and computing the value of the function [106]. The generalisation of 

optimisation theory and techniques to other formulations constitutes a large area of applied 

mathematics. More generally, optimisation includes finding "best available" values of some 

objective function given a defined domain (or input), including a variety of different types 

of objective functions and different types of domains [76]. The goal of a response 

optimisation tool is to find the optimal output given certain design requirements, 

constraints and cost functions. 

In airspace/airside integrated operations, the main optimisation problem arise from 

runway utilisation [107], which implies an optimal use of the surrounding system 

(approach, taxi procedures, gate assignment, handling resources, flow constraints) [38], 

[72], [108]–[111]. It may require: 

1. Re-sequencing the take-off/ landing order at the runway (first come is not first 

served). 

2. Buffering a sufficient number of aircraft in the queue to be able to fine tune the 

metering (to optimise the separation of aircraft released from the queue to the 

runway). 

3. Adjust turnaround (resource and time assignment). 
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In the first two cases some aircraft will suffer a certain penalty in terms of queuing time. 

Higher runway utilisation targets may require higher levels of departure (take-off) queuing 

in the manoeuvring area and arrival queuing in airspace [16], [112]. This effect can be 

reduced if aircraft are already delivered to the queue in the right sequence and at the 

required time intervals (third case) [34], [37]. 

To reduce cost and environmental impact, the departure and arrival queuing time should 

be kept to the minimum needed to achieve the selected runway utilisation objectives [22]. 

If possible, any departure and arrival delay that is needed for other reasons than sequencing 

and metering should therefore be absorbed at the departure stand through ATFCM delays 

and local ATC pre-departure delay [12], [22], [113]. If this is done properly, then measuring 

outbound and inbound queuing time allows assessing the “operational cost” associated with 

sequencing and metering in function of the selected runway utilisation objectives. 

This study will focus the response optimisation problem for airspace/airside operations 

on turnaround time allocation and prediction techniques. 

 Approach 

Air transport functionality depends on a complex network architecture, where several 

facilities, processes and agents are interrelated and interact with each other [26]. In this 

large-scale and dynamic system, airports represent the interconnection nodes that help 

aircraft distribution through the network, enable crew and passenger connectivity and ease 

transport modal changes [1]. Potential incidents, failures and delays (due to service 

disruptions, unexpected events or capacity constraints) may propagate throughout the 

different nodes of the network, making it vulnerable [29]. This situation has led to system-

wide congestion problems and has worsened due to the strong growth in the number of 

airport operations during the last decades [31]. 

The economic cost of congestion in this interconnected and sometimes overscheduled 

network of airports and aircraft is enormous: direct costs due to flight delays in Europe 

reached €1.25 billion during 2010, according to Cook and Tanner [114]. In the United States, 

during 2007, the directly or indirectly costs originated by delays were around $32.9 billion 

[115]. Furthermore, delays have also a substantial impact on the schedule adherence of 

airports and airlines, passenger experience, customer satisfaction and system reliability 

[35], [116]–[119]. 

A significant portion of delay generation occurs at airports, where aircraft connectivity 

acts as a key driver for delay propagation [120]. During 2015, in the EUROCONTROL 

Statistical Reference Area, the share of reactionary delay (due to the late arrival of the 

aircraft on its previous leg) was 45% of total delay minutes (5.1 minutes of the 11.3 minutes 

average delay per flight) and airline related delays (a category that includes crew 

connections) accounted for another 28% of delay minutes [40]. Moreover, 33% of all 

delayed flights in the United States in 2016 were due to reactionary delays (39% of total 
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delay minutes), while airline delay was the cause for another 27% of delayed flights and 

33% of total delay minutes [121]. “Rotation” (flight cycle through the airport and its 

surrounding airspace, from inbound to outbound processes) is therefore the stage that has 

the greatest influence on punctuality within the entire air transport network, and 

accumulates its impact over the day [29]. Hence, this study focuses on the rotation stage and 

analyses the aircraft flow through the airport operational environment, which is the 

dominant mechanism by which delays propagate through the air transport network [59]. 

The evolution of a flight can be described as a sequential flow of events or processes [38], 

[122], [123]. Each of these events occurs consecutively, and if any of them gets delayed, this 

may result in subsequent processes also being delayed (unless certain buffers or “slacks” 

are added into the times allocated to the completion of certain events) [8], [124]. In order 

to analyse the evolution of the aircraft flow and the potential delays in the successive 

phases, this study follows a “milestone approach” by assigning completion times to each 

event. This view, in line with the A-CDM method [125], allows us to understand the 

operational performance and the potential saturation of the system. Saturation is here 

understood as the lack of capacity at the airport-airspace system to “receive and transmit” 

aircraft flows according to a planned schedule (on time operations or schedule adherence). 

In this analysis we use a dynamic spatial boundary associated with the Extended 

Terminal Manoeuvring Area (E-TMA) concept6, which allows us to consider inbound and 

outbound timestamps (Figure 1-9). This management boundary (airport centric limit of 

200-500 NM) has already been implemented at multiple airports, with a horizon that ranges 

from around 190 NM for Stockholm to 250 NM for Rome and 350 NM for Heathrow [126]. 

The E-TMA (and not just the basic on-ground turnaround path at the airport that connects 

inbound and outbound flights) is selected in order to integrate uncertainty and delay 

propagation in the airport system with global delays in the air traffic network. This 

approach reflects the interaction between airport and airspace processes (the E-TMA 

concept is a key element when assessing demand and capacity balancing, as well as queue 

and separation management). Moreover, Extended-Arrival Manager (E-AMAN) models 

(related to E-TMA boundaries) allow for the sequencing of arrival traffic much earlier than 

is currently the case, by extending the Arrival Manager (AMAN) horizon from the airspace 

close to the airport to further upstream and so allowing more smooth traffic management. 

The analysis is focused on the aircraft flow-airspace/airside operations, as depicted in 

                                                            

 

6 A Terminal Manoeuvring area (TMA) is an aviation term to describe a designated area of controlled 
airspace surrounding a major airport where there is a high volume of traffic. TMA airspace is normally 
designed in a circular configuration centred on the geographic coordinates of the airport, and differs from 
a control area in that it includes several levels of increasingly larger areas, creating an "upside-down 
wedding cake" shape [1], [8], [128]. The term TMA is used in Europe, whereas the TMA is also known as 
Terminal Control Area (TCA) in the U.S. and Canada [52]. The E-TMA concept extends the boundaries of 
the TMA to extend the management of arrivals up to a 500 NM horizon from the airport, in order to move 
part of the sequencing and TMA delay to the en-route phase [42]. 
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Figure 1-10, which illustrates the main processes that take place at the airport environment, 

regarding flights (up) and passengers (down) as flow agents. It describes the interaction 

among airspace, airside and landside operations. Blocks highlighted in green refer to 

operations included in the spatial scope of the problem (aircraft flow at the airspace/airside 

framework). 

 

 

Figure 1-9. TMA and its extension to E-TMA [111], [127], [128]. 

 

Figure 1-10. Spatial scope of the problem (airspace/airside operations). 

The aim of the study is the description of the “visit” of an aircraft to the E-TMA, as an 

extension of the SESAR’s ATV concept [42]. As introduced in Section 1.1.5, this “visit” 

consists of three separate sections [42]: (i) the final approach and inbound ground section 
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of the inbound flight; (ii) the turnaround process section in which the inbound and the 

outbound flights are linked; and (iii) the outbound ground section and the initial climb 

segment of the outbound flight. 

Apart from considering the E-TMA for the operational flow description, in this study we 

will take into account the Arrival Sequencing and Metering Area (ASMA) for performance 

reviews. The ASMA is described as a virtual cylinder (volume) of a given radius around an 

aerodrome and taken as a reference for measuring the efficiency in handling the arrival flow 

[22], [129]. This radius is 40 NM by default but can be extended to 100 NM is some analyses. 

The actual time spent by a flight between its last entry in the cylinder (entry-time at 40 NM 

upstream) and the Actual Landing Time (ALDT) is denoted ASMA transit time [22], [129]. 

An unimpeded ASMA time is determined for each group of flights with the same parameters 

(i.e. aircraft class, ASMA entry sector, arrival runway) and represents the transit time in 

non-congested conditions. The unimpeded ASMA time is used in the calculation of the 

additional ASMA time, which is a proxy for the average arrival runway queuing time on the 

inbound traffic flow, during congestion periods at airports [22], [129]. Therefore, the 

Additional ASMA time (Figure 1-11) is the difference between the actual ASMA transit time 

of a flight and a statistically determined unimpeded ASMA time based on ASMA times in 

periods of low traffic demand (non-congested conditions). On the conceptual level, the 

Additional ASMA time indicator aims to address the operational penalty associated with 

techniques used to maximise runway utilisation for inbound traffic flows at an airport, i.e. 

the accumulation of additional approach time resulting from speed control, path stretching 

and circling in the vicinity of the airport (use of holding patterns/stacks) [22]. It has been 

in use as a commonly agreed proxy for airport inefficiencies in the approach phase since 

2008 and is compliant with the Key Performance Indicators (KPI) definition in EU 

legislation [130]. 

 

Figure 1-11. Conceptual approach for Additional ASMA time [22], [129]. 

Figure 1-12 illustrates the ASMA additional time for the top 30 European airports (by 

number of operations), as a way to measure Air Navigation Services (ANS) related arrival 

inefficiencies [22]. 
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Figure 1-12. ASMA Additional time at the top 30 European airports (2017) [22]. 

In time, we restrict actions to a tactical phase (day of operations) in order to consider the 

primary and initial inefficiencies of the system. Improved capacity utilisation and demand 

management fall within the realm of ATFCM [60]. In the airport context, ATFCM aims to 

enhance the efficiency of operations by dynamically optimizing the allocation of airport 

resources to arriving and departing aircraft, and, in turn, the flow of aircraft at a given 

airport or in a network of airports [28], [68]. These are tactical interventions that are 

applied over the course of each day [68]. 

Regarding the reliability approach, we intend to transfer the Safety-II proactive concept 

[131], [132], which is currently being applied in safety management systems, to operations 

management and evaluation of airport robustness. Ensuring that the airport operational 

state is right, in the sense that the system’s performance achieves its stated purposes, 

cannot rely on responding to failures since that will only correct what has already 

happened. Operational management must also be proactive, so that interventions are made 

before something happens and can affect how it will happen or even prevent something 

from happening. A main advantage is that early responses, overall, require a smaller effort 

because the consequences of the event will have had less time to develop and spread [131]. 

And early response can obviously save valuable time and resources. In contrast to the 

traditional view, resilience engineering defines optimal performance as the ability to 

succeed under varying conditions [133], i.e. to achieve the required adaptations to cope 

with the complexity of operations. The understanding of everyday functioning is therefore 

a necessary prerequisite for the understanding of the operational performance of the 

airport system. 

The models constructed in this study will adapt their results to the varying nature of the 

sources of uncertainty (e.g. runway configuration, aircraft performances, air traffic 

regulations, airline business models, ground services, meteorological conditions)) and will 

also be able to learn from new data. This approach marks an evolution from the traditional 

reactive or preventive view regarding reliability analysis to a predictive perspective (Table 

1-1). We aim to detect precursors for malfunction, so we can act before the system reaches 

a degraded state. Therefore, this vision highlights the system’s ability to maintain 

performance (or recover tolerable rates) under varying conditions. 
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Table 1-1. Evolution of the reliability view [132]. 

Reactive approach Preventive approach Predictive approach 

Act when the system is 

degraded and respond when 

something happens (or when 

the operational state is 

categorised as unacceptable) 

Act when historic data show 

that is statistically probable to 

have a failure (try to eliminate 

negative effects based on past 

events). 

Act when the system is 

providing signs of 

malfunction, before it reaches 

degradation (try to anticipate 

developments and events). 

 Motivation and contribution 

The importance of airport operations as a key element in the air transport network, 

linked with the increased influence of uncertainty and the need for an optimisation of 

resource allocation, provides us with an opportunity to develop conceptual tools and new 

models to help achieve a trade-off between operational efficiency and airport throughput. 

It is therefore necessary to define methodological frameworks to improve predictability, 

reliability and understanding of the airspace/airside integrated operations. 

The main motivation for this dissertation is to provide a novel approach with regards to 

the assessment of airport operations, as an integrated architecture that includes the 

surrounding airspace. Particularly, our view: 

1. Characterises the processes and structures the timestamps in the rotation cycle 

throughout the E-TMA, from inbound to outbound flights. 

2. Implements the impact of stochasticity on prediction and considers the causal 

relationships between variables affecting performance. 

3. Moves from a binary view of reliability (which only consider two operational states: 

working and not-working) to a multi-state view of reliability (which considers 

granularity of operational states when evaluating airport performance). 

4. Seeks the evolution from reactionary interventions to predictive interventions. 

Concerning the practical application and utility of this study, we aim to develop models 

for post operational analysis (so we can study the interdependencies between the 

turnaround/rotation processes and the different involved variables), but also prediction 

techniques to produce reliable estimations regarding schedule adherence under uncertain 

conditions. These prediction methods can be implemented as decision-making and resource 

allocation tools. 

Therefore, this study addresses two gaps in the literature: (i) at present, airport 

stakeholders lack models able to provide an integrated view of the ATV processes (airside 

and surrounding airspace) and analyse the trade-offs between the variables affecting 

performance; and (ii) current system-wide congestion problems are worsened due to 

airport operational inefficiencies [31], hence, there is an opportunity to develop new 

conceptual tools to support airport management functions, including adaptive responses to 
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varying conditions and uncertainty. In this sense, as the main dissertation’s contribution, 

we propose a novel approach for assessing and predicting the airport’s functional 

behaviour, given certain operational circumstances. 

 Research objectives and goals 

The main objective of this research is to develop a comprehensive understanding of the 

dynamics that shape airport operations, in order to assess, predict and optimise the 

system’s performance. 

Specifically, this dissertation addresses the two following problems: 

1. The management of the uncertainty associated to airspace/airside integrated 

operations (through enhanced predictive models and reliability assessment 

techniques). 

2. The optimisation of response policies to this uncertainty. 

Associated to these problems we can find the following goals: 

1. To analyse the aircraft flow of processes, in order to define metrics and indicators 

that enable airport operators and policy makers to assess the system’s state (in terms 

of time-saturation and capacity congestion). 

2. To study the functional relationships between major components of the airport 

operational framework (architecture, flow units, processes and agents involved). 

This allows us to determine significant events when tracking the progress of the 

flight, ensure linkage between arriving and departing flights, assess time efficiency 

performance and enable early decision making when there are disruptions to an 

event. 

3. To identify and classify the parameters that influence airport performance and 

operational dynamics. This is completed with a quantification of the relative 

influence (degree of impact) of each parameter (sensibility analysis). 

4. To generate a practical probabilistic model that reflect relationships between 

variables and predicts airport performance given different explanatory attributes. 

This causal model provides understanding on which are the main contributors to 

delay (if delay is settled to a high positive value) or what configuration optimises 

operations (if delay is settled to a negative value). Moreover, this model manages 

uncertainty and increases predictability, hence improving the system’s robustness. 

5. To appraise and evaluate the influence of different sources of uncertainty and 

provide insights on the interdependencies between factors influencing performance 

(causal relationships between parameters). 

6. To produce a mechanism to monitor and forecast the system’s operational state, as a 

way to proactively assess the reliability of airports (how the system performance 

evolves, what is the mean time to system degradation or reparation). 



1. Introduction 

25 
 

7. To assess airport operational dynamics over time. As airport dynamics depend on 

various and heterogeneous factors, a holistic view that considers different key 

performance areas (e.g. delay, capacity, environmental impact and complexity) is 

then essential. 

8. To optimise response policies by managing turnaround times and departure 

schedule allocation. This approach considers delay and “buffer” costs, but also costs 

related to perturbations in schedule adherence, internal (local) delays and airport 

level of congestion. 

Regarding the methodological approach, the aim is to obtain hybrid, dynamic and 

adaptive models. They will be hybrid, as main outcomes will be based on a mixture of data-

driven analysis and expert interpretation; dynamic as they will be adjusted to different 

horizons and adaptive as they will be enhanced iteratively with new data. 

Expected direct benefits of the models developed in this study are better performance 

due to better predictability of airport dynamics and significant resilience benefits through 

better management of forecasted or unexpected operational shortfalls. It also supports the 

improvement of airspace/airside operations, situational awareness and collaborative 

decision-making processes through the integration and monitoring of aircraft flows 

throughout the ATV cycle. Moreover, we foresee that models in this study will allow us to 

detect unusual behaviour patterns in operations, improve efficiency of processes, and 

measure and predict performance indicators. 

Uncertainty management practices can have significant impacts on airport scheduling 

and operating performance. In this study, we describe the dynamics of the system’s 

behaviour, apprise the trade-offs underlying airport demand management, and present 

models to support congestion-mitigating adjustments and delay-reduction techniques in 

airport operations. Therefore, results of these models offer guidelines for enhancing 

demand management policies at airports. 

 Thesis Structure 

The research included in this thesis is divided in two main topics: (i) uncertainty 

management (predictability and reliability), where we propose novel methodological 

approaches to tackle uncertainty when linking inbound and outbound flights and also to 

provide insights on the interdependencies between factors driving performance; and (ii) 

response optimisation in airport operations, where we propose turnaround time allocation 

methods (TTA) that may help manage punctuality and minimise system costs. These two 

topics define the thesis organisation (Figure 1-13). 

The remainder of this thesis consists of seven chapters: 

In Chapter 2, we review the existing literature for the problems addressed in this study. 

It appraises the current knowledge including substantive findings, as well as theoretical and 
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methodological contributions to the particular topics of airport operational performance 

and dynamics (delay propagation, characterisation of congestion, reliability assessment and 

response policies). Therefore, this chapter frames the study with regard to the subject and 

the approach/methodology. 

Chapter 3 presents the modelling architecture (data and scenario) for this thesis and the 

experimental setup at the case study airport. All the models presented in this thesis are 

applied to a real scenario to validate its usefulness. We follow an integrated approach of 

airport (airside) and surrounding airspace operations to design, optimise, and evaluate 

mechanisms for uncertainty management and response optimisation. 

Chapters 4 and 5 focus on the problem of characterising and monitoring the airport 

operational response in terms of saturation and delay propagation. Particularly, in Chapter 

4 we develop a theoretical appraisal of the aircraft operation within the E-TMA, by 

characterising the processes, structuring the different timestamps and generating a 

conceptual framework for the practical analysis of the rotation flow7. In Chapter 5 we assess 

the system’s operational state and saturation by revising its time efficiency performance. 

This is achieved by statistically evaluating the processes that were previously recorded in 

the preceding chapter and also by defining metrics, indexes and indicators that represent 

the delay behaviour. 

After that, Chapter 6 addresses the uncertainty management problem for 

airspace/airside integrated operations. This chapter presents a probabilistic causal model 

considering the interactions between the different explanatory variables for airport 

operational performance. This probabilistic tool offers information about the system’s state 

and can be applied in a forward analysis (prediction of delay and congestion as outputs, 

given certain operational conditions) or in an inverse analysis (location of main drivers for 

targeted values at the output nodes). This model also offers insights on interdependencies 

between factors that influence performance. To manage airport performance and predict 

the most probable outcome, this model aggregates the uncertainty arising from the 

approach conditions. Furthermore, this model can be applied to detect precursors for 

specific situations. Chapter 6 also includes a reliability analysis, which provides us with the 

characteristics and evolution over time of the system’s functional state. The airport 

reliability model is divided into four blocks (system components): delay, capacity, 

environmental impact and complexity, which offers a holistic view of airport operational 

performance. The dynamical behaviour of the airport functional framework is also 

modelled, by analysing the relationships between the different elements of the system. 

                                                            

 

7 In this study, “rotation flow” is understood as the flight cycle through the airport and its surrounding 
airspace, from inbound to outbound processes. 
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Finally, Chapter 6 provides a novel approach with regard to the assessment of congestion 

and delay in airport arrival operations. 

The focus of this thesis then shifts to the problem of response optimisation in Chapter 7. 

This chapters addresses the turnaround time allocation (TTA) optimisation problem from 

a dynamic management perspective, based on reinforcement learning. This allows us to 

develop a continuous adjustment of the optimal TTA policy through a feedback control 

system, in order to evaluate scheduling questions such as the variation of scheduled time 

and the efficiency of turnaround operations under different conditions (airline strategy, 

airport congestion, air traffic regulations and level of inbound delay). The model introduces 

a feedback control system approach, as a way to dynamically learn how to map situations 

to actions; and also considers additional costs, like those associated to system congestion 

and to the impact of schedule perturbations (availability of resources). This methodology 

that can be used to support decision making processes in balancing turnaround associated 

costs, improve departure time predictability and increase the system’s robustness. 

Finally, Chapter 8 summarises the findings of this thesis, discusses their implications for 

policy and practice, and identifies opportunities for future research. 

 

Figure 1-13. Organisation of the thesis. 
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2. Literature review 

The Literature review section presents the background to this research, to clarify what 

the work entails, and demonstrates where the ideas came from, and how the study has been 

built upon them. The current state of the research field is carefully reviewed, and key 

publications are cited. Thus, this section provides a sound academic context to the research, 

regarding the topics which are addressed and the approach that is followed. Controversial 

and diverging hypotheses are also highlighted when necessary. 

The aim of this section is therefore to develop comprehensive reviews of the underlying 

modelling advances in the three most relevant areas of research that are addressed in this 

study, namely: (i) descriptive models of airport operations (aircraft flow characterisation 

and monitoring); (ii) models for uncertainty management (predictability, causality, 

performance assessment and reliability); (iii) models for response policies optimisation 

(demand management). 

These three research fields have been the focus of extensive research [13], [15], [34], 

[38], [60], [66], [107], [134], [135], but limited effort has been made to date to integrate 

them into a unified framework. 

First, airport operations have been extensively described by means of isolated models 

for each functional area, but airport stakeholders lack models able to provide a unified view 

of the ATV processes (airside and surrounding airspace) and analyse the trade-offs between 

the various exogenous and endogenous variables that affect performance. 

Second, current system-wide congestion problems are worsened due to airport 

operational inefficiencies [31], hence, there is an opportunity to develop new conceptual 

tools to support airport management functions. In this sense, we propose a novel 

probabilistic approach for assessing and predicting the airport’s operational behaviour, 

considering the stochasticity of operational circumstances. We aim to capture the causal 

relationships behind airport capacity utilisation and demand management, i.e., the impact 

of different elements (operational timestamps, weather features, aircraft and airline 

information, flight and route details, airport configuration) on flight schedules, delay 

propagation, airport operating procedures and airport congestion. 

This thesis addresses these two gaps in the existing literature. 
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2.1 Characterisation and monitoring of airport operations 

A review of the literature about airspace/airside integration (aircraft flow at the rotation 

stage) illustrates that several prior studies have dealt with the importance of connectivity 

at airports [136]–[139]. This study revises the linkage between inbound and outbound 

flights by assessing the aircraft operational flow (turnaround integration in the air transport 

network). This approach is in line with past analyses [34], [122], [140] and with the SESAR’s 

“Airport Transit View” concept [42]. Our main contribution in this field is the construction 

of a business process model (BPM) that shapes the airport-airspace integration, by 

extending the spatial scope to the E-TMA boundaries. Besides, the statistical 

characterisation of the different processes enables us to understand the particularities of 

the rotation stage. 

We can find studies that provide detailed performance and operational models that deal 

with airside processes at airports [34], [135], [141]. They are focused on surface operations 

and airport airside procedures, mainly on-ground turnaround [13], [19], [33], [37], [38], 

[122], [140], [142]–[145], runway scheduling [69], [134] and taxi procedures [14], [72], 

[109], [146]. Furthermore, airline operations and ATC processes in the airport environment 

have been also extensively reviewed, with models that evaluate the efficiency and structure 

of processes [8], [12], [35], [44]. However, despite the mutual influence between airside 

operations and the processes and variables that shape the airport’s surrounding airspace 

[22], there is a lack of assessment regarding their interdependencies. To overcome this 

common isolated approach, this study proposes a holistic view for the airside/airspace 

system, combining the different parts and considering the functional dependencies between 

them. This view enables us to integrate ground and air operations in the E-TMA and define 

all the interactions that make up the system. 

Models of airport on-time performance estimate the extent of congestion at a given 

airport or in a network of airports as a function of flight schedules, airport capacity, 

operating procedures and environmental conditions [68]. They fall into three categories: 

microscopic, mesoscopic and macroscopic models. Microscopic models consider each 

aircraft individually and reproduce precisely the physical layout of the airport and the 

sequencing of movements [147]–[150]. These models can evaluate some ATC procedures 

but are not well-suited to performing strategic planning under a wide range of scenarios. 

Mesoscopic models predict runway delays and taxiing times using operational data, such as 

the runway configuration in use, short-term arrival demand, pushback schedules, etc. [14], 

[151], [152]. These models have been used to improve surface operations procedures [153], 

[154]. However, their heavy reliance on detailed operational data limits their applicability 

to modelling delays for strategic planning purposes when such data are not yet available. 

Finally, macroscopic models aggregate operations at the airport level to provide 

computationally efficient estimations of the relationships between flight schedules, airport 

capacity and flight delays in support of strategic planning (e.g. to assess the benefits of 

capacity expansion or demand management). Macroscopic models of congestion are usually 

based on econometric models [155]–[157], deterministic queuing models [158], stochastic 
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queuing models [31], [159], [160], or a combination thereof. However, these models fail to 

elicit causal interdependencies between factors when evaluating complex models, and 

depend critically on the estimates of the rates at which arrivals and departures join the 

system and are served. These weaknesses limit their application within uncertain 

environments. 

Our research falls within a hybrid approach based on the second (mesoscopic) and third 

(macroscopic) categories. We consider methods (probabilistic reasoning, graph theory, 

causal analysis, multistate representation and reinforcement learning) that represent the 

operational processes and the variables that influence them by means of non-deterministic 

and adaptive models, which are consistent with treatment of stochastic-like environments. 

To overcome the previously mentioned limitations, we balance the data-driven models with 

expert knowledge and include causal connections for expressing interactions, while at the 

same time illustrating dependence and independence relations between entities of the 

problem domain. Moreover, we provide tools for handling uncertainty. 

The air transport network is a “time-varying network”, where the links between nodes 

(i.e. airports) are represented by flights on a timetable [12]. Most elements in the network 

are subject to stochastic influence, with uncertainties coming from external and internal 

sources [161], [162]. The combined time-varying, erratic and uncertain nature of this 

network creates a set of “dynamics” that affect the way airlines, air navigation service 

providers and airports manage their operations [31], [163], [164]. Like in other large 

complex networks, operations at an airport may influence other parts of the system through 

traffic flows [59], [120], [165]. Moreover, constraints at a particular airport may cause 

partial network degradation [12]. Hence, the flight cycle through the airport and its 

surrounding airspace (from inbound to outbound processes) has a significant impact on 

service reliability and uncertainty management within the entire air transport network. Our 

research revises the linkage between inbound and outbound flights by assessing the aircraft 

operational flow (turnaround integration in the air traffic network). This approach is in line 

with past analyses [34], [37], [110], [122]. Our main contribution in this field is the 

construction of a business process model (BPM) that shapes the airspace/airside 

integration, by extending the spatial scope to the E-TMA boundaries. Instead of considering 

airspace and airside processes in “isolation”, our approach considers the cross impacts 

between operations. Besides, the statistical characterisation of the different processes 

enables us to understand the particularities of the ATV stage. Aircraft operations are 

characterised by several temporal milestones, which arise from the combination of the BPM 

and the A-CDM methodology [49]. This timestamp approach allows us to study the 

successive hierarchical tasks. The objective is to establish a taxonomy that classifies the 

system’s capacity to “receive and transmit” aircraft streams with adherence to the expected 

schedule. By considering the accumulated delay across the different processes and its 

evolution, several indicators are proposed to evaluate and monitories the system’s level of 

saturation and its ability to ensure an appropriate aircraft flow in terms of time-efficiency. 
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Consequently, the main contribution of the study, regarding the existing literature in the 

“characterisation and monitoring” topic, is the proposal of a methodological approach to: 

(a) understand relationships among procedures at the ATV stage (development of a process 

model); (b) identify factors influencing performance; (c) characterise uncertainty sources; 

and (d) appraise the cross-dependencies among variables (development of a causal model). 

2.2 Uncertainty management in airport operations 

When assessing operations, if the next state of the environment is completely 

determined by the current state and the action executed by the agent, then we say the 

environment is deterministic; otherwise, it is stochastic [76]. In principle, an agent need not 

worry about uncertainty in a fully observable, deterministic environment. If the 

environment is partially observable, however, then it could appear to be stochastic. Most 

real situations are so complex that it is impossible to keep track of all the unobserved 

aspects; for practical purposes, they must be treated as stochastic [166]. We say an 

environment is uncertain if it is not fully observable or not deterministic: use of the word 

“stochastic” generally implies that uncertainty about outcomes is quantified in terms of 

probabilities [76], [79], [83], [167]. 

We cannot obtain perfectly reliable information about the circumstances that shape 

airport operations, due to their changing and stochastic nature (e.g. runway configuration, 

aircraft performances, air traffic regulations, airline business models, ground services, 

meteorological conditions). Hence, reasoning and planning systems for airport operations 

must be able to handle uncertainty. The stochastic nature of air traffic and airport 

operations at the E-TMA is mainly due to external and internal uncertainty sources, and to 

the intrinsic variation of the duration of processes [12], [27], [44]. 

In this study, we propose different probabilistic methods for dealing with uncertainty in 

airport operations. Probabilistic approaches are common in the risk assessment of complex 

engineering systems, nevertheless it is usually difficult to combine empirical data with 

expert knowledge of the problem [168]. The combined stochastic and time-varying nature 

of the airport system creates a set of “dynamics” that affect the way airlines, ANSPs and 

airports manage their operations [31], [163], [164]. To include these particularities in the 

analysis, we propose a novel approach based on Bayesian Networks (BNs) and Markov 

processes. The combination of these Bayesian and Markov methods merges prior expert 

knowledge with real data to obtain posterior distributions of transition intensities [168], 

[169]. Adaptive and stochastic methods can be a useful tool for solving airport operational 

problems [170]. In this sense, the model adapts its results to the varying nature of the 

sources of uncertainty, learns from new data and includes a feedback control rule to take 

changes in conditions or operational shocks into consideration. The aim of this approach is 

to manage uncertainty and reflect the complex non-linear relationships between factors 

that affect airport performance. 
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2.2.1 Predictability and causal relationships 

Our study revises two main topics regarding predictability: the propagation of delays 

through the E-TMA processes (including the causal relationships between variables and the 

analysis of cross-impacts) and the evaluation of the system’s efficiency in terms of time-

saturation. 

Regarding delay propagation through the air transport system, a large number of studies 

showed the complexity of the network [31], [163], [171] and the potential impact of delays 

on the system’s reliability [172]–[176]. Delay propagation is a global process fostered by 

relationships inside the network: disruptions in one part of the system can disseminate to 

many others [116], [120]. Therefore, network analysis provides a global view of the 

transmission process [164]. Nevertheless, a significant portion of these propagations (45% 

in 2016 according to EUROCONTROL [40]) occurs at airports (i.e. the nodes of the system): 

“rotation” (delayed flight cycles) is the stage that has the greatest impact on punctuality 

within the entire air transport network. However, delay propagation affecting internal E-

TMA and airport processes has received less attention than the effect on the whole system 

[13], [28], [34], [37], [141], [177]. The contribution of our study relies on adjusting the 

spatial scope of the problem to the rotation stage (integrating airside and airspace 

operations) and analysing the potential consequences of its congestion. Once different 

initiatives have successfully decreased airborne delay over the two last decades, several 

studies concluded that the next opportunity for time-efficiency improvement rely on airport 

surface operations [15], [18], [19], [33]. We extend this objective to the E-TMA framework, 

in order to cohesively integrate airport (airside) and air traffic operations. 

The inherent complexity of the delay propagation problem and the intrinsic challenges 

in predicting system behaviour explain the use of different modelling techniques: queuing 

theory [31], [178], stochastic delay distributions [179], propagation trees [165], [180], 

[181], periodic patterns [182], chain effect analysis [183], random forest algorithms [59], 

statistical approaches [184], non-linear physics [185], phase changes [186] and dynamic 

analysis [120]. In this study, delay propagation patterns and influence variables are 

characterised using a Bayesian Network (BN) approach, including stochastic parameters to 

reflect the inherent uncertainty of the aircraft flow performance at the E-TMA. Several 

studies [187]–[189] demonstrate the utility of graph theory and BNs as a methodology for 

modelling the diffusion of events and incidents from a node-level to a system-level 

(interdependence of multiple factors). Moreover, different analyses [57], [189]–[192] 

confirmed that BNs can explain how subsystem-level causes propagate to provoke system-

level effects, specifically focusing on how delays at an origin airport propagate to create 

delays at a destination airport. Also, our models will address a gap in the literature 

regarding causality and the mutual influence of internal and external parameters in E-TMA 

operations. This will be completed by quantifying the impact on airport performance of the 

most influential variables, and by evaluating the thresholds that “activate” these impacts. In 

this sense, BNs have proven to be an excellent method to face operational problems and find 

causal relationships between variables [80], [82], [83], [96], [100], [102]. 
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Our model aims to capture the dynamics of formation and propagation of delays over the 

day as well as the uncertainty and variability associated with airport operations. Moreover, 

this model will capture the nonlinear relationship between variables. Demand rates are 

determined by the schedule of flights, and may be subject to dynamic updates in the case of 

operational disturbances. Service rates are constrained by the capacity of the airport. In 

existing models, service rates are generally kept constant over the day [193], [194] or varied 

using ex post operational data, such as meteorological conditions and reported capacity 

estimations [195]. Recent clustering techniques generate capacity profiles based on 

probabilistic weather forecasts that are used ex ante in delay propagation and queuing 

models [196]–[198]. These variations in service rates are exogenous and do not depend on 

operating procedures at the airports. However, other important variations in arrival and 

departure service rates are endogenous, i.e., they depend on how the airport tactically 

adapts to the schedules of flights and to observed queue lengths. For instance, if a large 

number of landings are scheduled, then air traffic managers may decide to enhance the 

arrival throughput, at the expense of the departure throughput. As well, the arrival 

throughput may be enhanced if the observed arrival queue is longer than expected, or if the 

departure queue is shorter than expected. These controls are not taken into account in 

existing macroscopic models of airport congestion, although they might affect the dynamics 

and the magnitude of delays. One recent application of a queuing model included variations 

in arrival and departure service rates that occur in response to changes in daily flight 

schedules, but these variations are introduced manually and not systematically [199]. 

Regarding time performance metrics and efficiency indexes, ICAO [200] established the 

foundations with regard to punctuality and predictability indicators in aviation. The 

generally accepted key performance indicator (KPI) for operational air transport 

performance is “punctuality”, which can be defined as the proportion of flights delayed by 

more than fifteen minutes compared to the published schedule [116]. The fifteen-minute 

threshold for defining arrival and departure delay has historically been common to both 

Europe and the US [201], [202]. SESAR’s Performance Targets [203] significantly refined 

this approach to delay measurement, by developing new parameters, indicators and targets. 

Cook et al. [164], [201] showed that, although delay propagation remains a significant and 

costly operational challenge to ATM (Air Traffic Management), there is a substantial 

absence of metrics that specifically measure this problem. Findings settled by Cook et al. 

[164], Gulding et al. [204] and Simić Krstić and Babić [205] developed a framework for 

complexity and new metrics related to airports and ATM. Additionally, Trapote-Barreira et 

al. [206] analysed the applicability of a series of network connectivity and concentration 

indexes, in order to typify complex airline network configurations. Other studies have 

proposed performance indicators for airport operations [61], delay model calibration [207], 

delay propagation networks [186], aircraft delay and capacity thresholds [208], and airline 

schedule adherence and reliability [30]. For the purposes of this study, different metrics are 

formulated to evaluate the system’s state and its ability to ensure an appropriate aircraft 

flow in terms of time-saturation. Our main contribution in this topic is a taxonomy that 

classifies the system’s capacity to “receive and transmit” the expected aircraft flows with 

time efficiency. 
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Moreover, the delay behaviour at each stage of the rotation cycle (arrival, taxi-in, 

turnaround, taxi-out) and the global level of saturation will be also quantitatively appraised 

with the definition of several indexes and performance indicators. These metrics evaluate 

delay evolution, compressibility of the processes, hourly distribution of delays throughout 

the day, contribution of each stage to the system’s saturation and impact of different 

operations on delay propagation. 

2.2.2 Reliability analysis and operational dynamics 

Our study revises two main topics regarding reliability: performance assessment and 

operational behaviour. 

The analysis of the operational dynamics for major transport infrastructures is closely 

related to reliability appraisal, since it provides an assessment of the progress of the system 

operation [188]. Reliability engineering is the discipline of ensuring that a system will be 

reliable when operated in a specified manner [209]. In traditional system reliability 

evaluation, both the system and its components are considered binary elements, which 

work in two working levels: perfect functioning and failure [210]. Airports are complex 

systems that have different components and performance levels, and where we cannot 

formulate an “all or nothing” type of failure criterion. Failure of some of the system elements 

may lead only to performance degradation, and a binary model (100%, 0%) would be a poor 

representation of the system. In this study, we propose a reliability analysis with different 

performance levels for the system and its components, which is known as a multistate 

system (MSS) approach [209]. 

Through MSS reliability models, more realistic and precise representations of 

engineering systems are provided. However, they are much more complex when facing the 

model definition and the system’s performance evaluation [211]. Some components of the 

system may be operating in a degraded state causing the system to perform its tasks at a 

partial performance level. However, the system may still be providing an acceptable level of 

service. Multistate reliability models have been proposed to describe such systems [210], 

[212]. Generally, the elements of these systems degrade gradually, reducing their level of 

service, and the overall capability of the system [213]. The idea of combining Markov 

processes theory and coherent MSS definition was firstly proposed by Xue and Yang [214]. 

As far as prediction is concerned, the Markov chain approach is proven to be an efficient 

model for transportation systems [215]. 

An attribute of an air transport network, which is similar to many large complex network 

systems, is that most elements in the network (including airports acting as nodes) are 

subject to stochastic influence (e.g. the operation of an airport is subject to weather 

conditions, which influence the practical runway capacity and some processes). 

Additionally, the components of the system can transit from perfect functioning to degraded 

performance levels during working periods. The combined stochastic and time-varying 

nature of the airport operational system creates a set of “dynamics” that affect the way an 

airport is managed and can complete its tasks [12]. 
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Additionally, since reliability levels of the system components change during functioning 

periods, this variability should be considered when performing the reliability assessment. 

The theory of system dynamics provides a framework to capture the dynamic behaviour of 

complex systems [216]; in air transport studies, this methodology has already been applied 

to airport terminals [217]. 

Probabilistic approaches are common in the risk assessment of complex engineering 

systems, nevertheless it is usually difficult to combine empirical data with expert knowledge 

of the problem [168]. In this study, a novel approach based on Markov processes has been 

used, which merges prior expert knowledge with real data to obtain posterior distributions 

of transition intensities [168], [169]. Adaptive and stochastic methods can be a useful tool 

for solving airport operational problems [170]. 

Performance measurement at airports is evolving in a dynamic regulatory, ownership, 

and market environment in the context of rapid demand growth and technical innovation 

[218], [219]. Airport Operators (AOs) and Air Navigation Service Providers (ANSPs) require 

effective performance measures and assessment methods to plan and manage within this 

complex context. Many studies have investigated the productivity or financial performance 

of airports, and how changes in the industry may have affected them [220]–[223]. 

Meanwhile, several works have focused its performance analysis on operational metrics: 

delays [34], [120], [224], [225], capacity congestion [60], [68], [226], [227], weather impact, 

complexity [112], [205] or safety [135]. However, it is usual to segregate the influence of 

each area on airport operations. In this research, we propose a holistic view, aiming to 

construct performance evaluations on the basis of the multiple outputs which airports 

produce and the multiple inputs which they utilise. Moreover, in our study we revise the 

linkage between inbound and outbound flights by assessing the aircraft operational flow 

(turnaround integration in the air traffic network). This approach is in line with past 

analyses [34], [37], [110], [122]. Our main contribution in this field is to extend the spatial 

scope to the Terminal Manoeuvring Area (TMA) boundaries. Instead of considering airspace 

and airside processes in isolation, our approach contemplates the cross impacts among 

operations. (e.g. the knock-on effects of prior delays cascading from arrival to departure 

operations [58]). Hence, we extend the spatial scope of previous works that were centred 

on airside operations [61] to the airport/airspace environment. With regard to the time 

scale, while many past performance studies were devoted to post-operational analysis 

[228]–[230], our research proposes a model for describing and predicting airport 

performance at a tactical level (day of operations). 

Our study introduces a mechanism to monitor and forecast the system’s operational 

state, as a way to proactively assess the reliability of airports (how the system performance 

evolves, what is the mean time to system degradation or reparation). Therefore, by applying 

a new methodological approach we seek to evaluate airport operational dynamics and 

provide insights on how different factors influence performance. Expected direct benefits 

of the model are better performance due to better predictability of airport dynamics and 

significant resilience benefits through better management of forecasted or unexpected 
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operational shortfalls. It also supports the improvement of airspace/airside operations, 

situational awareness and collaborative decision-making processes through the integration 

and monitoring of aircraft flows throughout the ATV cycle. 

Therefore, this study addresses two gaps in the literature regarding the reliability 

assessment of airport operations: (i) at present, airport stakeholders lack models able to 

provide an integrated view of the ATV processes (airside and surrounding airspace) and 

analyse the trade-offs between the various measures of airport operational behaviour such 

as capacity, delays, environmental performance and complexity; (ii) current system-wide 

congestion problems are worsened due to airport operational inefficiencies [31], hence, 

there is an opportunity to develop new conceptual tools to support airport management 

functions. In this sense, we propose a novel approach for assessing and predicting the 

airport’s operational behaviour and its dynamics, given certain operational circumstances. 

2.3 Response optimisation 

Our study addresses one main topic regarding response policies. We develop and apply 

an original approach to airport congestion mitigation that jointly optimises airport 

scheduling interventions at the strategic level and airport capacity utilisation procedures at 

the tactical level, by delivering the optimal policies for turnaround time allocation. This 

bridges the gap between existing models of flight scheduling and demand management that 

typically do not consider the impact of flight schedules on airport operations and models of 

airport and airspace operations that treat flight schedules as given [60]. 

Aircraft turnaround refers to the process of servicing an aircraft on the ground between 

two consecutive flight segments. The turnaround consists of five major tasks related to 

aircraft ground handling: de-boarding, catering, cleaning, fuelling and boarding as well as 

the parallel processes of unloading and loading cargo [32]. It may also include aircraft 

programmed maintenance. The minimum time needed for turnaround operations depends 

on the aircraft type, the airline business model, the airport configuration and the handling 

agent characteristics. From the operator perspective, all these handling processes will 

follow defined procedures. The Airplane Characteristics for Airport Planning Manual (see 

for instance [231], [232]) stablishes a minimum recommended turnaround time for each 

aircraft type and configuration. Nevertheless, uncertainty of operational conditions (e.g. 

runway configuration, aircraft performances, air traffic control procedures, regulations, 

airline strategies, available ground resources and meteorological conditions) makes on-

ground operations a stochastic phenomenon, and provide turnaround with a time-varying 

and random nature. 

Airlines plan the aircraft schedule time on the airport, between inbound and outbound 

flights, by considering [233]: (a) minimum recommended turnaround time [36], [234]; (b) 

route characteristics (e.g. point-to-point or hub-and-spoke network); (c) next destination 

(e.g. last flight, overnight parking and hub windows); (d) airport base type (e.g. full 
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turnaround station or en-route station); (e) fleet optimisation; (f) network accumulated 

delays and potential “slacks”; (g) slot allocation in coordinated airports; (h) crew 

availability; (i) minimum connecting time for passengers (e.g. hub and spoke strategies); (j) 

aircraft scheduled maintenance programs; and (k) the moment of the day (e.g. existence of 

long buffer times in the midday as a “fire break time” in order to control delay propagation 

in a network). Finding the optimal turnaround time is known as the Turnaround Time 

Allocation (TTA) problem [12], [142], [170]. This topic is related to airline scheduling [35], 

[233], airport slot distribution [16], [65], system congestion mitigation [14], [68], [112], 

resource allocation [177] and delay propagation [59], [162]. 

Airlines seek to increase fleet utilisation by reducing total turnaround times; longer on-

ground times between flights increases opportunity costs, as well as other expenses 

associated to the use of airport facilities [1]. However, if turnaround times are tightly 

scheduled, the airline can incur in local on-ground lateness, multiplying inherent inbound 

delays. This situation leads to reactionary delays and congestion problems. Moreover, a 

significant portion of delay generation occurs at airports, where aircraft connectivity acts 

as a key driver for delay propagation [120]. Apart from the associated economic costs for 

all involved stakeholders [114], delays have a substantial impact on the schedule adherence 

of airports and airlines, passenger experience, customer satisfaction and system reliability 

[12], [35], [143]. Therefore, uncertainty management and delay propagation affecting 

internal airport processes have received significant attention over the years [13], [28], [34], 

[37], [141], [177]. Increased on-ground periods through “buffers” and “fire break times” 

may act as delay recovery mechanisms, in order to control delay propagation in a network. 

According to Niehues et al. [235], for each percentage point improvement in punctuality, 

there is a potential profit improvement of €4-16 million, depending on the size of the airline. 

Therefore, the scheduling optimisation problem for TTA (setting block times) is a trade-off 

between limiting the on-ground flight phase to the minimum required time (increasing fleet 

utilisation and reducing airport parking associated costs) and adding an additional “buffer” 

time (allowing schedule adherence, absorbing inbound delay and ensuring crew and 

passenger connectivity) [13], [33], [34], [37], [38], [123], [143].  

Scheduled block time (SBT) setting is thus a crucial part in airlines’ scheduling [143], 

[233]. Two main approaches have been used to solve the TTA optimisation problem. The 

first one considers a sequential view of the different processes that shape the aircraft 

turnaround, i.e. some tasks cannot be started until some others are completed [13], [236], 

[237]. This methodology distinguishes the required time for each partial operation, and the 

objective is to find the optimal order or the critical path that minimises turnaround time by 

reducing costs [34], [145], [238], [239].. It leads to a version of the Resource Constraint 

Project Scheduling (RCPS) problem [239], an application of the Project Evaluation and 

Review Technique (PERT) method [13], [145], or a stochastic modelling followed by Monte 

Carlo simulation [34]. The second approach treats the turnaround process as a “single 

block”. In this case, the goal is to minimise costs considering the schedule adherence of 

flights. Costs results from delays (inherited from the previous flight and generated locally) 

or from adding an on-ground “buffer” (extra time - potential underused or untapped 
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resources). This approach leads to mathematical optimisation methods that evaluate the 

potential impact of schedule changes on flight delays and delay related costs [38], [142], 

[240]. Moreover, most of the proposed methods to solve the TTA problem can be 

categorised into two approaches, i.e. empirical/stochastic [34], [140], [144], [241] and 

numerical [38], [142]. 

The dynamically changing operation at airports makes it difficult to accurately predict 

operational times or generate fixed strategies for all situations [72]. Therefore, adaptive and 

stochastic approximation methods can be a useful tool for solving airport operational 

problems [170]. In the field of airport on-ground operations, optimal control theory and 

reinforcement learning methods have been previously applied for predictability and 

management of taxi-out and runway occupancy times [72], [107]–[109], [146]. These 

methods deal with the problem of finding a control law for a given system, such that a 

certain optimality criterion is achieved; the aim is to derive control policies. Particularly, 

reinforcement learning relaxes the assumption in planning that a model is known ahead of 

time [242]. Instead, the decision-making strategy is learned while the agent interacts with 

the world. The designer only has to provide a performance measure; it is up to a learning 

algorithm to optimise the behaviour of the agent [243]. One of the interesting complexities 

that arises in reinforcement learning is that the choice of action impacts not only the 

immediate success of the agent in achieving its objectives but also the agent’s ability to learn 

about the environment and identify the characteristics of the problem that it can exploit 

[76], [243]. Reinforcement learning and approximate dynamic programming 

methodologies have been proved to be effective for control of non-linear stochastic and 

dynamic systems [244]. This is aligned with the complex nature of airport operations and 

the uncertainties involved, which often make it difficult to obtain mathematical models to 

describe the complete airport dynamics. In such situations, feedback control techniques 

allow us to adapt the results to the changing conditions. Werbo’s work [245] illustrates the 

connection between various control theories and approximate dynamic programming. 

Methodologically, we approach the TTA optimisation problem from a dynamic 

management perspective, based on reinforcement learning. This allows us to develop a 

continuous adjustment of the optimal TTA policy through a feedback control system, in 

order to evaluate scheduling questions such as the variation of scheduled time and the 

efficiency of turnaround operations under different conditions (airline strategy, airport 

congestion, air traffic regulations and level of inbound delay). Therefore, when setting the 

optimal TTA, we consider not only outbound delay and “buffer” costs, but also the costs of 

(a) perturbations in schedule adherence, (b) internal (local) delays and (c) airport level of 

congestion. Hence, the main contribution of our study regarding the TTA problem is 

twofold: first, the introduction of a feedback control system approach, as a way to 

dynamically learn how to map situations to actions; and second, the consideration of 

additional costs, like those associated to system congestion and to the impact of schedule 

perturbations (availability of resources). This methodology, which can be used to support 

decision making processes in balancing turnaround associated costs, improve departure 

time predictability (TOBT setting) and increase the system’s robustness. 
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3. Scenario and data 

The Scenario and data section introduces the particularities of the particular framework 

(data, location and operational characteristics), where the methodology will be evaluated. 

The proposed methods in our study are appraised through a case study as a means to prove 

its contribution and applicability. 

3.1 Scenario definition 

The analysis of airport operations (predictability, reliability and response) is applied to 

a case study at Adolfo Suárez Madrid-Barajas Airport (LEMD), which is integrated in the A-

CDM program since 2014 [49]. The observation period corresponds to 2016, when 160,460 

turnaround operations were registered [246]. The methodology could be nevertheless 

applied to other airports by adjusting the model to the infrastructure characteristics, the 

operational pattern and the available data. 

Figure 3-1 shows the structure of LEMD, with four runways (36L-18R, 36R-18L, 32L-

14R, 32R-14L), four terminal areas (T123, T4T4S, general aviation and cargo) and 163 

aircraft parking stands [247]. 

 

Figure 3-1. Madrid Airport (LEMD) functional structure. Adapted from [247]. 
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LEMD is a large airport in terms of passengers and operations: it handled 50,420,583 

passengers and 378,150 aircraft movements (including arrivals and departures) in 2016, 

according to AENA (the airport manager and operator) [246]. Particularly, there were 

enough operations (and a continuous demand) during the time-period that will be 

considered for the system characterisation: July and August, which were the peak months 

in terms of traffic (4,906,164 passengers and 34,476 aircraft movements for July and 

4,793,527 passengers and 33,202 aircraft movements for August, according to AENA [246]). 

The operational preferential configuration at LEMD is called north configuration, with 

arrivals from runways 32L/32R and departures from runways 36L/36R. The non-

preferential configuration (south) presents arrivals from runways 18L/18R and departures 

from runways 14L/14R. Night flights (between 23:00 and 07:00 local time) use 32R 

(arrivals) – 36L (departures) for north configuration and 18L (arrivals) – 14L (departures) 

for south configuration [247]. LEMD can be considered a major connecting hub, where 

several airlines have a significant presence at the airport with a business model for 

transferring passengers between arriving and departing flights [208]. 

3.2 Preparation of data 

The data preparation phase (Figure 3-2) covers all activities required to arrange the final 

dataset from the initial raw meteorological, radar and airport operational data, including 

locating and refining erroneous measurement; i.e., detecting and correcting (or removing) 

corrupt or inaccurate records from databases and identifying incomplete, incorrect, 

inaccurate or irrelevant parts of the data and then replacing, modifying, or deleting the 

coarse data. 156,386 final valid observations were appraised. 

 

Figure 3-2. Data preparation process. 

As shown in Table 3-1, the final dataset includes information about airport infrastructure 

allocated to each operation, airline and aircraft characteristics, flight details, route origin 

and destination, operational times (milestones and duration of processes), regulations, 

delay causes and meteorological features. Data regarding the aircraft and the flight (type, 

call sign and registration number) enable us to link the inbound and outbound movements, 

assessing their “turnaround” operation (i.e. trace the airport-airspace integrated 

operations). 
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Table 3-1. Information included in the final dataset (obtained from raw data or derived from it). 

Type of data Information 

Airport 

infrastructure 

Runway and stand use (terminal area). 

Operational configuration. 

Runway declared capacity (arrivals, departures and total). 

Airline 
Operator, type (Low Cost Carrier/Network/Cargo/General Aviation) and 

associated handling agent. 

Aircraft 
Model, wake turbulence category (Super Heavy/Heavy/Medium/Light) [248], 

size (Narrow/Wide body) and registration number. 

Flight 
Flight number, type (commercial or private) and Air Traffic Control (ATC) call 

sign. 

Route Origin and destination, category (Domestic/European/Long Haul). 

Operational 

times & 

regulations 

Date, aircraft milestones (from the E-TMA entrance to its exit: approach, on-

ground turnaround and climb), timestamps (schedule adherence), duration of 

processes, holding patterns, aircraft separation, number of aircraft queuing for 

the inbound traffic flow and ATFCM regulations. 

Arrival 

congestion 

Arrival Sequencing and Metering Area (ASMA) additional time (average arrival 

runway queuing time on the inbound traffic flow, during congestion periods). 

Throughput 

(airspace and 

airside) 

E-TMA throughput (movements per hour), runway throughput (movements 

per hour). 

Meteorology 
Wind (direction and intensity), visibility, RVR (runway visual range), clouds 

(type and amount), temperature, atmospheric pressure and presence of fog. 

Delay causes Delay causes according to the codes developed by IATA [32] 

The most representative attributes when assessing and predicting airport performance 

were chosen using feature selection techniques (variable/attribute selection) [249]. 

Feature selection methods can be used to identify and remove unneeded, irrelevant and 

redundant attributes from data that do not contribute to the accuracy of a predictive model 

or may in fact decrease the accuracy of the model. Fewer attributes is desirable because it 

reduces the complexity of the model [250]. Thus, the objective of the feature selection step 

is threefold: improving the representativeness and effectiveness of performance attributes, 

offering faster and more cost-effective predictors for the target variable, and providing a 

better understanding of the underlying relationships between variables [79], [249], [250]. 
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Particularly, we applied two dimensionality reduction and feature selection methods8: 

Principal Component Analysis (PCA, which is unsupervised); and RReliefF, a supervised 

feature selection method proposed in [251] as an extension to Relief [252], enabling it to 

face problems in which the response variable is numerical (more correctly, RReliefF is an 

extension to ReliefF [253]). We used MATLAB for performing these variable selection 

techniques [254].  

Most representative attributes were initially selected using RreliefF and Sequentialfs 

(feature selection) techniques. These algorithms take a filter-method approach to feature 

selection that is notably sensitive to feature interactions. Feature scoring for Relief 

algorithm is based on the identification of feature value differences between nearest 

neighbour instance pairs. If a feature value difference is observed in a neighbouring instance 

pair with the same class (a “hit”), the feature score decreases. Alternatively, if a feature value 

difference is observed in a neighbouring instance pair with different class values (a “miss”), 

the feature score increases [252], [255]. The RreliefF algorithm is only suitable for 

regression problems where the predicted value is continuous; therefore (nearest) hits and 

misses cannot be used [251]. To solve this difficulty, instead of requiring the exact 

knowledge of whether two instances belong to the same class or not, a kind of probability 

that the predicted values of two instances are different was introduced. This probability can 

be modelled with the relative distance between the predicted (class) values of two instances 

[256], [257]. The function Sequentialfs provides a simple way (the default option) to decide 

how many features are needed [254]. It stops when the first local minimum of the cross-

validation MCE (misclassification error, i.e., the number of misclassified observations 

divided by the number of observations) is found. 

After this initial feature selection, a dimensionality reduction methodology was applied 

using PCA. PCA is a procedure for identifying a smaller number of linearly uncorrelated 

variables called principal components [250]. The goal of PCA is to show as much of the 

variability in the data as possible with the fewest number of principal components. PCA by 

itself does not produce a ranking over the original set of features. We extracted this ordering 

from the eigenvectors at the correlation matrix. More specifically, we started by choosing 

the dominant eigenvector (the one with the largest eigenvalue) and choose the variable with 

the largest absolute value of the coefficient. This variable is the most relevant. We then 

moved to the next eigenvector and repeat the process leaving out the variables previously 

chosen to obtain the second most relevant variable. In this way we obtained an ordering of 

all the variables [258]. This methodology has already been proven to be effective in causality 

problems with multiple interrelationships, like the one we are facing [259]. However, for 

                                                            

 

8 Properly speaking, feature selection is different from dimensionality reduction. Both methods seek to 
reduce the number of attributes in the dataset, but a dimensionality reduction method do so by creating 
new combinations of attributes, whereas feature selection methods include and exclude attributes 
present in the data without changing them [118]. 
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the predictive stage of the study, we discarded the components that arise from the PCA: the 

features extracted using this methodology are not easily interpretable and not useful in the 

precursor analysis. We nevertheless used the PCA procedure to order variables by its 

representativeness (and to check the previous feature selection results). 

3.3 Exploratory analysis of data and distribution fitting 

At a high level, Exploratory Data Analysis (EDA) is the practice of using visual and 

quantitative methods to understand and summarise a dataset without making any 

assumptions about its contents [79]. It is a crucial step to take before diving into machine 

learning or statistical modelling, because it provides the context needed to develop an 

appropriate model for the problem at hand and to correctly interpret its results [260], [261]. 

As will be shown in the different sections of the study, several methods are applied 

regarding EDA of the appraised information: 

• Univariate visualisation of and summary statistics for each field in the raw 

dataset, including: (i) measures of location, or central tendency, such as the 

arithmetic mean, median and mode (ii) measures of statistical dispersion like the 

standard deviation, variance, range, interquartile range, absolute deviation, 

mean absolute difference, distance standard deviation, coefficient of variation 

and moments (iii) measures of the shape of the distribution like skewness or 

kurtosis, and (iv) measures of statistical dependence such as a correlation 

coefficients (Pearson, Spearman). 

• Bivariate visualisation and summary statistics for assessing the relationship 

between each variable in the dataset and the target variable of interest. 

• Multivariate visualisations to understand interactions between different fields in 

the data (sensitivity and causal analysis). 

• Dimensionality reduction to understand the fields in the data that account for the 

most variance between observations and allow for the processing of a reduced 

volume of data. 

• Clustering of similar observations in the dataset into differentiated groupings: 

patterns of behaviour can be more easily identified by collapsing the data into a 

few small data points. 

Data is used to appraise the system’s characteristics, in order to discover its dynamics 

(behaviour patterns) in terms of delay propagation and performance reliability. With this 

objective, the statistical analysis is complemented with a distribution fitting process. 

Probability distribution fitting or simply distribution fitting is the fitting of a probability 

distribution to a series of data concerning the repeated measurement of a variable 

phenomenon [79]. The aim of distribution fitting is to predict the probability or to forecast 

the frequency of occurrence of the magnitude of the phenomenon in a certain interval [79]. 
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Distribution fitting must be validated through the goodness of fit of the proposed model. 

The goodness of fit of a statistical model describes how well it fits a set of observations 

[262]. Measures of goodness of fit typically summarise the discrepancy between observed 

values and the values expected under the model in question [79]. Such measures can be 

used in statistical hypothesis testing, e.g. to test for normality of residuals, to test whether 

two samples are drawn from identical distributions (Kolmogorov–Smirnov or K-S test), or 

whether outcome frequencies follow a specified distribution (Pearson's chi-squared or χ2 

test). 

Therefore, each of the elements included in the final dataset (Table 3-1) is statistically 

appraised and fitted to a probability density function. Six different statistical distributions 

were found to be candidates: Weibull, Gamma, Beta, Gumbel, F and Normal. K-S test and χ2 

goodness of-fit test were used to ensure the “power” of curve fitting [263]. Fricke and 

Schultz [34] and Wu [12] already found this procedure to be efficient when analysing on-

ground processes. When a parametric distribution cannot properly describe the data, we 

use a Kernel density estimation approach to obtain a nonparametric representation of the 

probability density function of the variable [264]. See Figure 3-3 and Figure 3-4 for some 

examples. 

 
(a) 

 
(b) 

Figure 3-3. Histogram and distribution fitting for (a) additional time at ASMA 60 NM (sec), (b) arrival 
delay (min). 

 
(a) 

 
(b) 

Figure 3-4. Histogram and distribution fitting for (a) actual taxi-out time (min), and (b) wind intensity 
(kts). 
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Distribution fitting has four main objectives: (a) to characterise the operational 

environment (e.g., duration and starting time for each process); (b) to appraise delays, 

uncertainties and its statistical behaviour; (c) to use probability distributions as a tool for 

dealing with uncertainty in order to make informed decisions and predictions (e.g., 

cumulative density functions can be used for allocating turnaround and buffer times); and 

(d) to model uncertainty sources when feeding the causal model that is developed later. As 

an example, Figure 3-5 shows the analysis for the turnaround stage (actual process length 

and in-block/off-block adherence), as it is found to be fundamental when assessing the 

system’s ability to absorb delays [8]. Although the sample is rather heterogeneous (a range 

of 746 min, due to aircraft parked overnight), almost 67% of turnaround operations last less 

than 120 min. 34% of operations fall within the interval from 30 to 60 min. The mean, 

median and mode for the turnaround’s length are 166 min, 78 min and 54 min respectively. 

For the purpose of our study, aircraft turnaround activities are treated aggregately as a 

“single” process or “black box”. This approach provides us with a “macro” view of aircraft 

turnaround operations and simplifies the observation and modelling work needed to study 

interdependencies in the subsequent causal analysis [12]. 

 
(a) 

 
(b) 

 
(c) 

Figure 3-5. Histogram and distribution fitting for turnaround: (a) actual duration (min), (b) starting 
time delay (AIBT - SIBT) (min), and (c) finishing time delay (AOBT - SOBT) (min). 

Figure 3-6 illustrates “pure” turnaround delay (without considering ATFCM regulation9) 

characteristics. Delay at the “pure” turnaround stage can adequately be represented by a 

Normal distribution (μ = 0.9 min, σ = 30.3 min), being expressed with the following 

probability density function: 

𝑓𝑁𝑂𝑅𝑀𝐴𝐿 (𝑥, 𝜇, 𝜎) =
1

√2𝜋 · 𝜎
· 𝑒−(

𝑥−𝜇

2𝜎
)
2

 
(1) 

                                                            

 

9 ATFCM regulations are put in place to protect ATC from receiving more traffic than a controller can 
handle safely. Therefore, to ensure that safety is not compromised whenever the traffic demand in an 
airspace or an aerodrome is forecast to exceed the available ATC capacity, measures are taken to reduce 
the traffic. This is termed regulation. The aim is to use capacity effectively (e.g. by ground delay programs), 
keeping the average delay as low as possible, while ensuring capacity is not exceeded. For instance, to 
absorb delay on-ground, aircraft are kept at their place of departure, and a Calculated Take Off Time 
(CTOT) is applied by taking into account the ATC capacity and flow situation [405], [406]. 
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Fitting turnaround characteristic times to a statistical distribution may help in the 

definition of an operational buffer or “slack” (balancing trade-offs between schedule 

punctuality and aircraft utilisation), with the final objective of absorbing arrival delay. 

When designing the optimal turnaround time, curve fitting should be adjusted to different 

clusters (types of fleets, airline operators, routes), as each of them presents different 

patterns. However, predictions of occurrence based on fitted probability distributions are 

subject to uncertainty, which arises from the following conditions [79], [262]: 

• The true probability distribution of events may deviate from the fitted 

distribution, as the observed data series may not be totally representative of the 

real probability of occurrence of the phenomenon due to random error. 

• The occurrence of events in another situation or in the future may deviate from 

the fitted distribution as this occurrence can also be subject to random error. 

• A change of environmental conditions may cause a change in the probability of 

occurrence of the phenomenon. 

 
(a) 

 
(b) 

Figure 3-6. “Pure” turnaround delay (without considering ATFCM delay): (a) histogram/curve fitting 
and (b) average hourly delay (min/op) throughout the day (the error bars denote one standard 

deviation intervals). 

The quantile-quantile (q-q) plot is a graphical technique for determining if two data sets 

come from populations with a common distribution [79], [265]. A 45-degree reference line 

is also plotted. If the two sets come from a population with the same distribution, the points 

should fall approximately along this reference line [265]. The greater the departure from 

this reference line, the greater the evidence for the conclusion that the two data sets have 

come from populations with different distributions [265]. 

Figure 3-7 represents a plot of the quantiles of the sample data (“pure” turnaround 

delay) versus the theoretical quantiles values from a Standard Normal distribution. The plot 

appears linear between -2 and 2 times the standard deviation (95% of the distribution). 

Therefore, the metric related to “pure” turnaround delay can be described through a Normal 

distribution for reasonable operational times (-20 min to 100 min). The rest of the data can 

be understood as outliers (unusual operations) that distort the distribution. 
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Figure 3-7. Quantile-quantile plot of sample data (“pure” turnaround delay) versus Standard Normal. 
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4. Characterisation 

The Characterisation section seeks to analyse and describe the aircraft flow of processes 

in order to understand uncertainty dynamics. Moreover, we aim to describe 

interdependences between elements involved in the aircraft flow. We aim to study the 

functional relationships between major components of the airport operational framework 

(architecture, flow units, processes and agents involved). This allows us to determine 

significant events when tracking the progress of the flight, ensure linkage between arriving 

and departing flights, assess time efficiency performance and enable early decision making 

when there are disruptions to an event. 

Finally, in this section we collect, assess and explain main causes of delay in E-TMA 

processes. This will result in different diagrams that highlight which part of the airport 

operations network may be affected by each cause of delay. 

4.1 Flow of processes 

The analysis of the aircraft flow is divided into two steps: 

Firstly, we develop a theoretical appraisal of the aircraft operation within the E-TMA, by 

characterising the processes and structuring the different timestamps. We generate a 

Business Process Model (BPM), which is combined and quantified with the A-CDM 

milestone approach. This provides us with a conceptual framework for the practical 

analysis of the rotation flow. 

The second part of the analysis is developed with a practical case study at Adolfo Suárez 

Madrid-Barajas (LEMD) Airport. We assess the system’s state and saturation by appraising 

its time efficiency performance. This is achieved by statistically evaluating the processes 

that were previously recorded in the first section and also by defining metrics, indexes and 

indicators that represent the delay behaviour. After that, a probabilistic model is assembled 

considering the interactions between the different delay explanatory variables. This model 

offers information about the system’s state by predicting outbound delays. The method is 

applied to the data of the case study to validate its usefulness. Figure 4-1 shows the logic 

behind the analysis. 
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Figure 4-1. High level methodology for the characterisation and monitoring analysis. 

As illustrated in Section 1.5, our study will be spatially limited to the E-TMA. The TMA is 

defined as a volume of airspace around the airport (or airports) used to handle the air traffic 

that will operate in it before entering the volume that directly depends on the airport 

control tower. The TMA is thus a designated area of controlled airspace, normally 

established at the confluence of Air traffic Services (ATS) routes in the vicinity of one or 

more major airports [128]. However, for airports with complex and higher volume of air 

traffic, the size of this area is often extended with the aim of starting to manage aircraft with 

a greater margin [266]. This expansion gives rise to what is called E-TMA, which will be the 

volume of airspace appraised in the study. The E-TMA concept extends the boundaries of 

the TMA to extend the management of arrivals up to a 500 NM horizon from the airport, in 

order to move part of the sequencing and TMA delay to the en-route phase [42]. The spatial 

limit of this study is extended to a broader context than the airport itself, to consider both 

the ASMA and the possible holding patterns10. ASMA is generally defined as a virtual 

cylinder with a radius of 40 NM around the airport, but in some analyses it can be extended 

to 100 NM [22], [42]. Regarding the time-scale of the analysis, processes will be studied 

during the tactical phase, i.e. during the day of operations. The tactical phase has been 

chosen since it is the demand/capacity balance timeframe that is most sensitive to 

propagation of delays [57], [58]. The temporary milestones that will mark the beginning 

and end of the processes that shape the operation of an aircraft during its “visit” to the 

airport (ATV concept) are defined by the A-CDM operational framework [48]. 

                                                            

 

10 A holding pattern is a manoeuvre designed to delay an aircraft already in flight while keeping it within 
a specified airspace [407]. 
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As introduced in Section 1.1.3 - 1.1.6, the aircraft rotation stage is usually the critical 

node for the air transport network: incoming aircraft continue on the subsequent legs of 

their planned itineraries and crew members and passengers may connect to other flights or 

other transport modes [12], [35], [120]. The aim of the study is the description of the "visit" 

of an aircraft to the E-TMA, as an extension of the SESAR’s “Airport Transit View” concept 

(Figure 4-2). This “visit” consists basically of three separate sections [42]: 

• The final approach and inbound ground section of the inbound flight. 

• The turnaround process section in which the inbound and the outbound flights 

are linked. 

• The outbound ground section and the initial climb segment of the outbound 

flight. 

 

Figure 4-2. Extension of the ATV concept to the E-TMA. Source: adapted from [42]. 

Developing the conceptual structure of the aircraft flow within the E-TMA requires input 

from various sources and consists of four main steps [135]: 

1. The first step is a review of relevant literature and existing aircraft flow models 

[12], [27], [35], [42]–[44]. 

2. Next, a hierarchical task analysis is developed [267]. This appraisal follows a top-

down approach that incorporates several sources of information in order to give 

a detailed understanding of the processes: 

a.  Analysis of operations manuals [268], [269], standards and procedures 

[32], [270]–[273]. 

b. Observations at Adolfo Suárez Madrid-Barajas Airport (LEMD) during 

2016. 

c. Structured communications with relevant stakeholders (Table 4-1). 



4. Characterisation 

54 
 

3. The previous steps lead to an initial process model. 

4. Finally, the initial model is refined and validated with the help of subject-matter 

experts (Table 4-1). 

Table 4-1. List of informants, interviewees and contributors. 

Organisation Stakeholder 

AENA - Spanish Airport Authority and Airport Manager Airport operator 
IBERIA - Member of International Airlines Group (IAG) Airline 

ENAIRE - Spanish Air Navigation Service Provider 
Air Navigation Services Provider 

(ANSP) 
IBERIA Airport Services Ground Handling Agent 

DGAC – Spanish General Directorate of Civil Aviation (a 
public body answerable to the Ministry of Public 

Works) 
Policy maker - Regulator 

Figure 4-3 depicts the methodology [135] to create a Business Process Model (BPM) of 

the aircraft flow at the E-TMA (rotation stage). BPM in business management and systems 

engineering is the activity of representing flows of processes and their interactions, so that 

current operational structures may be analysed, improved, and automated to ensure 

consistent outcomes and to take advantage of improvement opportunities [274]. 

 

Figure 4-3. Methodology to create the BPM of the aircraft flow. Source: adapted from [135]. 
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We employ Unified Modelling Language (UML) to graphically represent the BPM. UML is 

a visual modelling language/tool that can be used to create a pattern of a system [275]. The 

designed conceptual structure for the airport-airspace integrated operations is basically a 

UML sequence diagram (Figure 4-4). This framework allows us to understand the 

relationships among processes, in order to build the initial process model for the ATV flow 

and to characterise operational interdependencies at the subsequent causal model. 

 

Figure 4-4. UML for the BPM of the aircraft flow (airport-airspace integrated operations). 

Note that in our study, aircraft turnaround activities will be treated aggregately as a 

“single” process or “black box”. This approach provides us with a “macro” view of aircraft 
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turnaround operations and simplifies the observation and modelling work needed to study 

interdependencies in the subsequent causal analysis. This simplified UML is depicted in 

Figure 4-5. 

 

Figure 4-5. Simplified UML for the BPM of the aircraft flow (aggregated turnaround operations). 

This model is then confronted to the operational milestones defined by the A-CDM 

methodology. As introduced in Section 1.1.6, A-CDM aims at improving the overall efficiency 

of airport operations by optimizing the use of resources and enhancing the predictability of 

events. It focuses particularly on aircraft turnaround and pre-departure sequencing 

processes [125]. The milestones approach main goal is to achieve common situational 

awareness by tracking the progress of a flight from the initial planning to the take off. It 

defines and describes “timestamps” to enable close monitoring of significant events [125]. 

The A-CDM implementation is proven to provide several benefits in areas such as 

delay/capacity management, resource allocation, operational predictability, noise 

abatement and fuel savings for all major stakeholders, including airlines, ground handlers 

and the network manager [49]. 
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Figure 4-6 and Table 4-2 show the set of selected milestones along the progress of the 

flight at the A-CDM concept. See Annex A for the meaning of the acronyms. 

 

Figure 4-6. Milestones reflecting the progress of the flight (A-CDM concept). Source: adapted from 
[125]. 

Table 4-2. Selected milestones along the process of the flight (A-CDM concept). Source: adapted from 
[125]. 

Milestone 
number 

Milestone meaning 

M1 EOBT (Estimated Off-Block Time)-3hrs 

M2 EOBT (Estimated Off-Block Time)-2hrs 

M3 Take Off from Outstation 

M4 Local Radar Update 

M5 Final Approach 

M6 ALDT (Actual Landing Time) 

M7 AIBT (Actual In-Block Time) 

M8 Actual Ground Handling Starts 

M9 TOBT (Target Off-Block Time) 

M10 TSAT (Target Start-Up Approval Time) 

M11 Boarding Start 

M12 ARDT (Aircraft Ready Time) 

M13 ASRT (Actual Start-Up Request Time) 

M14 ASAT (Actual Start-Up Approval Time) 

M15 AOBT (Actual Off-Block Time) 

M16 ATOT (Actual Take Off Time) 

For characterising schedule perturbations, we define delays as “schedule delays”: the 

difference between a planned time and the actual time. “Schedule delay” can refer to a 

difference in either the early or late direction [12]. Hence, they can be positive or negative. 

Milestones in Table 4-2 allows us to describe delays: each actual (A) timestamp can be 

checked against a scheduled (S) one, or we can assess times between two milestones 

EOBT-3hrs EOBT-2hrs ATOT
Local Radar 

Updated
Final 

Approach

ALDT AIBT/AGHT TOBT TSAT
Boarding 

Starts

ARDT ASRT ASAT AOBT ATOT
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(duration of the process). Therefore; five main delay measures (perturbations in 

operational efficiency) are considered in the characterisation of the ATV stage: 

• Arrival delay: ALDT-SLDT. 

• Taxi-in delay: Actual taxi-in duration (AIBT-ALDT) against Scheduled taxi-in 

duration (SIBT-SLDT) 

• Turnaround delay: Actual turnaround time (AIBT-AOBT) against Scheduled 

turnaround time (SIBT-SOBT) 

• Taxi-out delay: Actual taxi-out duration (AOBT-ATOT) against Scheduled taxi-out 

duration (SOBT-STOT) 

• Departure delay: The sum of arrival upstream delay (reactionary) and the 

aggregated delay at the on-ground stage: system delay (primary delay), which is 

composed of taxi-in, turnaround and taxi-out delay. Hence, four mutually 

exclusive and complementary stages are evaluated to characterise the system’s 

schedule adherence: arrival, taxi-in, turnaround and taxi-out. 

Consequently, departure delays result from various reasons, such as “inherited” arrival 

lateness, delayed ground processes and/or disturbed ground operations. 

Interdependencies exist and may affect the delay chain: existing reactionary delay may 

result in an even increased follow-up delay due to scarce resources at the airport [30]. We 

also consider four more measures that are already included in the main delays: (a) excess 

in approach queuing time, (b) start-up delay (ASAT-TSAT), (c) push delay (AOBT-ASAT) and 

(d) Air Traffic Flow and Capacity Management (ATFCM) delay. The first one is included in 

arrival delay, while the other three are included in turnaround delay. Start-up delay 

assesses retards in the scheduled start-up time, while push delay illustrates the difference 

in time between the actual Start-up approval permission by the Air Traffic Controller (ATC) 

and the Off-Block operation. ATFCM delay is due to flow and capacity regulations: aircraft 

are hold on ground, preventing them to encounter airborne delays during which fuel is 

burnt and emissions are produced [276]. 

By combining the BPM and the milestone approach, Table 4-7 shows a conceptual 

diagram for the E-TMA operational environment (airport-airspace stage). This diagram 

allows us to: 

• Determine significant events in order to track the progress of the flight (arrival, 

landing, taxi-in, turnaround, taxi-out and departure) and the distribution of these 

key events as milestones. 

• Define punctuality triggers and understand relationships between processes. 

• Ensure linkage between arriving and departing flights. 

• Assess time-efficiency performance, which is measured for each milestone or 

between two milestones. 

• Enable early decision making when there are disruptions to an event. 
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Figure 4-7. Combination of the BMP for the airport-airspace integrated operations and the A-CDM 
concept. 

Target benefits derived from the mapping of operations to this diagram (BPM and A-CDM 

combination) are a more efficient use of resources, improved event punctuality, and 

reduced buffer times for resource planning and flight times due to enhanced predictability. 

It is expected that common awareness will result in improved processes and a balanced 

utilisation of both local and network resources. 

4.2 Taxonomy for airport operations within the E-TMA 

The same approach could be followed for appraising the complete set of processes that 

take place within the E-TMA, including the landside operations involving passengers and 

cargo. Figure 4-8 represents the BMP for E-TMA operations, which is developed using the 

UML graphical representation. This framework allows us to assess relationships among 

processes, involved agents (passengers, aircraft and cargo) and different parts of the airport 

environment (airspace, airside and landside). A holistic view of the processes that also takes 

all of the parties (and the connections between them) into account would significantly 

reduce the risks associated with airport operations, while at the same time improving 

efficiency. 
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Figure 4-8. Conceptual framework of airport operations (E-TMA). 

The diagram has three major components - architecture, flow units and processes. These 

elements were subsequently completed with a fourth item: the main stakeholders (actors 

involved in airport operations). 
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Architecture (facilities). The E-TMA architecture may be broken down into three key 

areas - surrounding airspace, airport airside and airport landside (including ground access 

to the airport). These areas are divided into arrival and departure, as each operation can 

have different processes. Every component of the architecture framework corresponds to a 

lifeline (as per UML terminology), which is the backbone of all processes that will occur in 

the component environment. The vertical bars that make up a lifeline represent the 

processes occurring in a similar timeframe. The black dot at the end of a lifeline indicates 

that this series of processes has been completed with respect to the overall operation. 

Flow units. Aircraft, passengers and cargo are represented as agents that interact with all 

operations and events that arise until the overall process has been completed. In UML 

terminology, these are known as actors. The length of each actor’s bar provides information 

about its impact on the overall operation. 

Processes. The different procedures and operations, which make up the E-TMA rotation, 

connect flow units and architecture. Each process is represented by an arrow. If the arrow 

goes left-to-right, which means that the process can progress naturally. However, if the 

arrow goes right-to-left (see Figure 4-8, process 1.8: Missed Approach), the process can no 

longer progress through the diagram and it is necessary to return to the previous lifeline. 

Ongoing messages such as ATC Process, Turnaround, Taxiing and Passenger Flow 

(Figure 4-8) represent the general events that make up the BPM structure. Each of these 

events are in turn made up of several basic processes. Blue messages are explanatory and 

refer to certain complex processes that (a) encompass a group of sub-processes or (b) can 

be managed in different ways. 

The operational framework, depicted in Figure 4-8, has a number of special features 

regarding the processes flow: 

• Recurring messages (2.1: Security Control Arrival, 2.2: Passport Control Arrival, 

2.3: Baggage Claim, 2.4: Custom Control, 2.5: Connecting and 6.1: Baggage 

Handling System) indicate processes that occur in the same lifeline and which, 

therefore, do not progress through the diagram. 

• Process 2: Passenger and Baggage Unloading is represented in a different way. 

The arrow for this process starts at a black dot and ends at a lifeline. This is 

because there is a difference between the aircraft’s On-Block time and the start 

of the passenger disembarking and baggage unloading procedures. 

• Processes 3: Airport Exit and 17: Departure correspond to a lost message (as per 

UML terminology), as there is no subsequent event that is of interest to the 

overall E-TMA operation. 

• Windows on the left-hand side of Airspace Arrival and the right-hand side of 

Airspace Departure represent E-TMA entrance and exit, respectively, in other 

words the start and end of the considered operation. 
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The analysis of the overall E-TMA process is completed by adding the main stakeholders 

in the airport operations network: aircraft operators (airlines), ground handling agents, Air 

Navigation Service Provider (ANSP), airport operator and policy makers (regulator and 

supervisor). Each of these stakeholders makes a particular contribution to the different 

processes depicted in Figure 4-8. 

Having generated the BMP (conceptual framework) we now have a general overview of 

all relevant processes that will allow us to analyse the airport operations network. To easily 

handle this information, a taxonomy for airport (E-TMA) operations is proposed in Table 

4-3 in line with the diagram outlined in Figure 4-9. 

 

Figure 4-9. Outline for developing a taxonomy for airport operations (E-TMA). 

The structure of the taxonomy is given in Table 4-3. This taxonomy provides 

identification codes for classifying different procedures; e.g.: security control processes at 

departure (1-LD-SC-APO), taxiing permission when landing (2-ASiA-TP-ANSP) and cargo 

loading for departure (3-ASiD-HN-HAND). 

Policy makers and airport managers could apply this taxonomy to organise the different 

E-TMA procedures thereby enabling them to structurally analyse, supervise and regulate 

the operations in the overall process, e.g., locate potential inefficiencies, assess punctuality 

or adjust service levels. 

Airport CDM11 is about partners working together and making decisions based on more 

accurate and higher quality information, where every bit of information has the exact same 

meaning for every partner involved. More efficient use of resources, and improved event 

punctuality as well as predictability are the target results for a unified taxonomy in airport 

operations. A common characterisation of processes will have an impact on the operating 

efficiency of airport partners, and may eventually contribute to reduced buffer times for 

resource planning and flight times due to enhanced predictability. 

                                                            

 

11 The ACDM concept aims at an information-based decision management through real-time sharing of 
operational milestones among all stakeholders. It is expected that common awareness will result in 
improved processes and a balanced utilization of both local and network resources [48], [49]. 
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Table 4-3. Taxonomy for airport operations within the E-TMA. 

Flow Unit Architecture Process Stakeholder 

(1) Passenger 

(2) Aircraft 

(3) Cargo 

(ASpA) Airspace Arrival 

(ASiA) Airside Arrival 

(LA) Landside Arrival 

(LD) Landside Departure 

(ASiD) Airside Departure 

(ASpD) Airspace 

Departure 

(AR) Arrival 

(INAP) Initial Approach 

(INTAP) Intermediate 

Approach 

(LU) Line Up 

(DC) Descent 

(LR) Landing Request 

(LP) Landing Permission 

(TO) Threshold Overfly 

(MA) Missed Approach 

(TD) Touch Down 

(LD) Landing 

(TR) Taxiing Request 

(TP) Taxiing Permission 

(PK) Parking 

(ONB) On-Block 

(PBU) Passenger and 

Baggage Unloading 

(CN) Connecting 

(SCA) Security Control 

Arrival 

(PCA) Passport Control 

Arrival 

(BC) Baggage Claim 

(CC) Custom Control 

(AE) Airport Exit 

(HN) Handling 

(AT) Access to terminal 

(CI) Check in 

(SCD) Security Control 

Departure 

(PCD) Passport Control 

Departure 

(APO) Airport Operator 

(ALO) Airline Operator 

(ANSP) Air Navigation 

Services Provider 

(HAND) Handling agent 

(PM) Policy Maker 
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Flow Unit Architecture Process Stakeholder 

(GA) Gate Allocation 

(PB) Passenger Boarding 

(TSR) Close doors and 

turbines start request 

(APT) ATC permission 

turbines start-up 

(ITR) Initial Taxiing 

Request 

(TP) Taxiing Permission 

(OFFB) Off-Block 

(PE) Parking Exit 

(RH) Runway Head 

(TOR) Take Off Request 

(TOP) Take Off Permission 

(TO) Take Off 

(DP) Departure 

Firstly, we developed a model (BPM map) to identify the functional relationships and 

interdependencies between the different stakeholders and processes that make up the 

airport operations network. This will act as a conceptual framework. Now, we will review 

and characterise the main causes of delay. 

4.3 Identification and characterisation of delays affecting the 
airport operations network 

In air transport, a delay can be defined as the time interval or lapse that arises when a 

planned event does not occur at the scheduled time [40]. Delays can happen during the 

different phases of a flight: departure, airborne, arrival and ground turnaround [116]. 

Furthermore, disruptions in one part of the air transport network can propagate to many 

others. A significant portion of these propagations (45% in 2015 according to 

EUROCONTROL [40]) occurs in airports (i.e. the nodes of the system), where incoming 

aircraft continue on to the subsequent legs of their planned itineraries, crew members may 

connect to other flights, and passengers also connect to other flights. Flows of aircraft, crew 

and passengers at airports are the dominant mechanism by which delays propagate through 

the air transport system [59]. 
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Therefore, this research proposes a framework to integrate all relevant stakeholders and 

reduce uncertainty in delay propagation, thereby lowering the cause-effect chain 

probability of the airport system. 

In order to unify the reporting of delays among its member airlines, the International Air 

Transport Association (IATA) has published a standard coding system for delay 

classification [32], [40]. The most useful delay classification system, when analysing 

operated time versus scheduled time, is that which considers primary and reactionary 

delays [277]. 

Primary delays [40], [116], [277] correspond to an initial delay caused to a given flight. 

They are classified according to causes of delay: passenger and baggage, cargo and mail, 

aircraft and ramp handling, technical and equipment, damage to aircraft, flight operations 

and crewing, weather, airport facilities and operations, governmental authorities and 

ATC/ATFCM processes. Late arrivals of connecting flight, connecting passengers, baggage, 

load or crew members are not to be included in primary causes of delay. 

Reactionary delays [40], [116], [277] correspond to delays due to the late arrival of 

aircraft delayed during its previous leg operation, late arrival of a connecting flight, 

passengers or load, and late arrival of crew members, expected from another flight. 

Reactionary delays occur as a result of primary delays; if there were fewer primary 

delays there would be a consequent reduction in the number of reactionary delays [277]. 

Initial (primary) delay could indeed cause disturbances across the day (time) and the 

network (space), due to slightly tight operating schedules, established to achieve economic 

efficiency, resulting in reactionary delays [115], [165]. 

Reactionary delays (reflecting delayed inbounds, imposed from previous flight legs) 

usually represent 40%-45% of all generated delay minutes [40], [116], and consequently 

most of the previous studies on air transport delays have focused on characterising them 

[59], [165], [180], [192]. Some studies [34], [122], [144] assessed how  primary delays 

disturb on-ground turnaround operations. For the purposes of our research, we will review 

the impact of reactionary and primary delays on the E-TMA rotation process. The objective 

is to predict how the system and the internal (primary) delays amplify or reduce reactionary 

delays throughout the E-TMA. This approach allows us to connect on-ground operations 

with the whole air transport network (airborne operations). 

The main causes of delays in the E-TMA were classified (see Table 4-4) by reviewing the 

IATA Delay Codes [32], [40], the delay coding system developed by Wu and Truong [278] 

and data from the EUROCONTROL Central Office of Delay Analysis [40]. These delay 

categories are highly independent as past studies confirm [34]. It was found that a coding 

scheme with a well-designed reporting style can facilitate automated data analytics and 

data mining, and an improved grouping of delay codes can minimise potential confusion at 

the data entry and recording stages [278]. 
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With the assistance of improved data quality and advanced delay propagation analysis 

on the E-TMA scale, agents involved will be equipped to pinpoint specific operational 

bottlenecks after operations and develop strategies to improve schedules and operation 

management tactics. 

Table 4-4. Main causes of delay in E-TMA processes [32], [40], [278]. 

Cause of 

delay 
Definition/explanation 

Reactionary 

Delays due to the late arrival of aircraft delayed during its previous leg 

operation, late arrival of a connecting flight, passengers or load, and late arrival 

of crew members, expected from another flight. 

ATC/ATFCM 

Delays due to ATC/ATFCM management: standard demand/capacity problems, 

reduced capacity caused by industrial action or staff shortage, equipment 

failure, weather, military exercise or extraordinary demand due to capacity 

reduction in neighbouring area (noise abatement, night curfew, special flights). 

It also includes restrictions related to air traffic services, start up and push back. 

Passenger 

and Baggage 

Processes 

Delays due to inefficiencies and failures during passengers and baggage 

processes: check-in reopened for late passengers, check-in not completed by 

flight closure time, errors with passenger or baggage details, booking errors 

(overselling), discrepancies or missing checked in passengers during boarding, 

late or incorrect order given to catering supplier, late or incorrectly sorted 

baggage. 

Cargo 

(including 

mail) 

Delays due to inefficiencies and failures related to cargo processes: late or 

incorrect documentation for booked cargo, late delivery of booked cargo to 

airport/aircraft, acceptance of cargo after deadline, repackaging and/or re-

labelling of booked cargo, booked load in excess of saleable load capacity 

(weight or volume), cargo reloading or off-load. 

Weather 

Delays due to weather conditions below operating limits. It includes removal of 

ice, snow, water, and sand from airport (runway, taxiways, apron), and ground 

handling impaired by adverse weather conditions (high winds, heavy rain, 

blizzards, monsoons etc.). 

Airport 

Facilities and 

Operations 

Delays due to disruptions or problems related to airport facilities (parking 

stands, ramp congestion, lighting, buildings, gate limitations, etc.) and 

operations (check-in, security, immigration, customs, health, boarding, etc.). It 

also includes operational restrictions such as airport and/or runway closed due 

to obstruction industrial action, staff shortage, weather, political unrest, noise 

abatement, night curfew, special flights. 



4. Characterisation 

67 
 

Cause of 

delay 
Definition/explanation 

Technical 

and Aircraft 

Equipment 

Delays due to failures or problems related to technical and aircraft equipment: 

aircraft defects, late release from scheduled maintenance, special checks and/or 

additional works beyond normal maintenance schedule, lack of spares, lack of 

and/or breakdown of specialist equipment required for defect rectification, 

aircraft change for technical reasons (e.g. a prolonged technical delay), 

scheduled cabin configuration adjustments, aircraft damage during operations 

(bird or lightning strike, turbulence, heavy or overweight landing, collisions 

during taxiing and ground operations). 

Airline 

Operations 

Delays due to inefficiencies and failures during airline operations: late 

completion of or change to flight plan, late alteration to fuel or payload, late crew 

boarding or departure procedures, flight deck shortage or special request, 

extraordinary captain requests for security checks outside mandatory 

requirements. 

Handling 

Delays due to inefficiencies or failures during aircraft and ramp handling 

processes: late or inaccurate aircraft documentation, problems regarding 

loading/unloading, servicing, cleaning, fuelling/defueling and catering. 

Figure 4-10 shows a mind-map identifying the main causes of delay in E-TMA processes. 

Figure 4-11 gives a diagram that highlights which part of the airport operations network 

may be affected by each cause of delay (the principal relevant contributing factors that can 

cause delays in each element have been considered). These maps (Figure 4-10 and Figure 

4-11) were constructed by analysing previous studies and literature [27], [34], [40], [57], 

[122], [141], [192], [279], operations manuals [268], [269], empirical observations and 

expert judgement followed by validation by the relevant stakeholders (similar to the 

development of the BPM as set out in Section 4.1). These maps were designed as a means of 

visualising the relevant factors associated with delay propagation, and were of significant 

use when devising the subsequent delay propagation model (Section 6.2). 

In the air transport industry, delays have long been a complicated and multidimensional 

issue because of numerous factors, such as the many causes of delays, the complex chain 

reaction of delays in airline networks, and, most notably, the consequences of delays such 

as passengers left stranded and flight cancelations [280]. Delays may occur at any point of 

time in airline operations and are seldom the result of a single factor [12], [30], [235]. Since 

delays can occur at any stage, some are more manageable than others. For example, en-

route (airborne) delays are mostly out of the airline management's reach and are dealt with 

mainly by air traffic control authorities as well as the flight crew [278]. Hence, because of 

the costs and complexities surrounding delays, Sarkeshiki et al. [280] noted that 

understanding delays requires more research in the field of delays to determine and 

evaluate the main (root) factors of delay, also considering other conditions contributing to 

incidences of delay. 
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Figure 4-10. Mind-map for characterising the delays affecting E-TMA processes. 

 

Figure 4-11. Processes at the E-TMA impacted by main causes of delay. 

4.3.1 Characterisation of the system’s level of saturation 

The analysis of the system’s level of saturation is developed with a case study at Adolfo 

Suárez Madrid-Barajas Airport (LEMD), which is integrated in the A-CDM program since 

2014 [50]. The methodology could be nevertheless applied to other airports by adjusting 

the model to the infrastructure characteristics, the operational pattern and the available 

data. See Section 3 for the scenario characterisation. 
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Figure 4-12 shows the layout of LEMD, with four runways (36L-18R, 36R-18L, 32L-14R, 

32R-14L), four terminal areas (T123, T4T4S, general aviation and cargo) and 163 aircraft 

parking stands [247]. 

 

Figure 4-12. LEMD airport aeronautical chart [281]. 
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The operational preferential configuration at LEMD is called north configuration, with 

arrivals from runways 32L/32R and departures from runways 36L/36R. The non-

preferential configuration (south) presents arrivals from runways 18L/18R and departures 

from runways 14L/14R. Night flights (between 23:00 and 07:00 local time) use 32R 

(arrivals) – 36L (departures) for north configuration and 18L (arrivals) – 14L (departures) 

for south configuration [247]. 

 
(a) 

 
(b) 

 
(c) 

Figure 4-13. LEMD aeronautical charts for North configuration (preferential) operations: (a) 32 L/R 
arrivals; (b) 32 L/R continuous descent arrivals; and (c) 32 L departures [281]. 
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LEMD can be considered a major connecting hub, where several airlines have a 

significant presence at the airport with a business model for transferring passengers 

between arriving and departing flights [208]. The observation period corresponds to July 

and August 2016, which were the peak months in terms of traffic, and when 67,678 aircraft 

movements (arrivals and departures) were registered at LEMD [246]. Therefore, a 

collection of nearly 34,000 turnaround operations is used to describe the aircraft flow 

characteristics, through a statistical analysis of the processes. The size of the sample allows 

us not only to perform representative post-operational analysis but also to develop reliable 

predictions regarding schedule adherence and to study the interdependencies between the 

turnaround processes and the different involved variables. During the observation period 

there were enough operations and a continuous demand, this enables us to analyse and 

appraise airport operations at a time-constrained environment (i.e. available capacity is 

related to and limited by admissible delays). 

Regarding registered delays at LEMD, as a departure airport it ranked number 34 among 

the top delay affected departure airports in Europe during 2016, with 11.4 minutes of 

average delay per departure (an increase of 13% since 2015), 26.5 minutes of average delay 

per delayed departure and 43% of delayed departures [40]. As an arrival airport, LEMD 

ranked number 19 among the top delay affected arrival airports in Europe during 2016, 

with 11.5 minutes of average delay per flight (an increase of 20% since 2015), 28.2 minutes 

of average delay per delayed arrival and 40.9% of delayed arrivals [40]. These values make 

LEMD a suitable airport for characterising and analysing delay and saturation patterns. 

As introduced in Section 3.2, the data preparation phase covers all activities required to 

arrange the final dataset from the initial raw meteorological, radar and airport operational 

data, including locating and refining erroneous measurements. As shown in Table 4-5, the 

final dataset includes information about airport infrastructure allocated to each operation, 

airline and aircraft characteristics, flight details, route origin and destination, operational 

times (milestones and processes’ lengths), regulations, delay causes and meteorological 

features. Data regarding the aircraft and the flight (type, call sign and registration number) 

enable us to link the inbound and outbound movements, assessing their “turnaround” 

operation (i.e. trace the airport-airspace integrated operations). 

Table 4-5. Information available for characterising airport operations. 

Type of data 
Information included in the dataset (obtained from raw data or derived 

from it) 

Airport 
infrastructure  

Runway and stand use (terminal area). 
Runway declared capacity (arrivals, departures and total) 

Airline 
Operator, type (Low Cost Carrier/Network/Cargo/General Aviation) and 

associated handling agent 
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Type of data 
Information included in the dataset (obtained from raw data or derived 

from it) 

Aircraft 
Model, wake turbulence category (Super Heavy/Heavy/Medium/Light) [248]), 

size (Narrow/Wide body) and registration number 

Flight 
Flight number, type (commercial or private) and Air Traffic Control (ATC) call 

sign 

Route Origin and destination, category (Domestic/European/Long Haul) 

Operational 
times (see 

Figure 4-14) & 
regulations 

Date, aircraft processes’ milestones (from the E-TMA entrance to its exit: 
approach, on-ground turnaround and climb, see Figure 4-14), timestamps 

(schedule adherence), processes’ lengths, holding patterns, aircraft separation, 
number of aircraft queuing for the inbound traffic flow and ATFCM (Air Traffic 

Flow and Capacity Management) regulations 

Throughput 
(airspace and 

airside) 

E-TMA throughput (movements per hour), runway throughput (movements 
per hour) 

Delay causes Delay causes according to the codes developed by IATA [32] 

Meteorology 
Wind (direction and intensity), visibility, RVR (runway visual range), clouds 
(type and amount), temperature, atmospheric pressure and presence of fog 

Figure 4-14 shows the operational time milestones that are included in the dataset 

(consistent to the previously developed functional model, which was a combination 

between the BPM and the A-CDM approach). The timestamps are represented 

chronologically (not to scale). See Annex A for the meaning of the acronyms. Figure 4-14 

also illustrates the five main delay measures that are considered in the analysis of the 

system´s time efficiency performance and level of saturation (their definition can be seen in 

Table 4-7): 

• Arrival delay (reactionary delay) 

• Taxi-in delay 

• Turnaround delay 

• Taxi-out delay 

• Departure delay 

Departure delay is appraised as the sum of arrival upstream delay (reactionary) and the 

aggregated delay at the rotation stage: system delay (primary delay), which is composed of 

taxi-in, turnaround and taxi-out delay. Therefore, four mutually exclusive and 

complementary stages are evaluated in order to characterise the system’s saturation: 

arrival, taxi-in, turnaround and taxi-out. Consequently, departure delays result from various 

reasons, such as “inherited” arrival lateness, delayed ground processes and/or disturbed 
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ground operations. Interdependencies exist and may affect the delay chain: existing 

reactionary delay may result in an even increased follow-up delay due to scarce resources 

at the airport [12]. 

We also consider four more measures that are already included in the main delays: (a) 

excess in approach queuing time (included in arrival delay); and (b) start-up, (c) push and 

(d) ATFCM delay (included in turnaround delay). ATFCM delay is due to flow and capacity 

regulations: aircraft are hold on ground, preventing them to encounter airborne delays 

during which fuel is burnt and emissions are produced [276]. 

 

Figure 4-14. Milestones and delays considered. Source: adapted from [125]. 

For the purpose of our study, delays are here defined as “schedule delays”: the difference 

between a planned time and the actual time. Despite the use of "delay", “schedule delay” can 

refer to a difference in either the early or late direction [282]. Therefore, schedule delays 

can be positive or negative. Schedule delays are common occurrences in airline and airport 

operations, given the multiple agents involved, the stochastic nature of operating times, and 

the unexpected disruptions in tasks. “Negative” delays (early arrivals) occur when the 

schedule is running close to plans and can cause issues for airport operations; e.g., 

disrupting the sequencing of flights and the allocation of resources (gates, handling 

equipment), especially during peak hours at busy airports [12]. “Positive” flight delays often 

cause significant problems for stakeholders involved; e.g., they affect the operational and 

financial performance of airports and airlines, schedule adherence and use of resources, 

passenger experience and satisfaction, and system reliability [1], [12]. 

Departure delay is defined as the sum of arrival delay + taxi in/out delay + turnaround 

delay. If the turnaround process is efficient enough (or if its allocated time is sufficiently 

large to ensure that the operation ends ahead of schedule), turnaround delay can be 

negative (note that schedule delays can refer to a difference in either the early or late 
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direction and therefore can be positive or negative). Hence, even with “positive” arrival 

delay and taxi in/out delays, departure delay could be zero (or even negative) if turnaround 

delay is “negative” and sufficiently large to absorb delays at other stages. Table 4-6 shows 

several operational examples from the dataset where the turnaround process was able to 

absorb arrival and taxi delays. 

Table 4-6. Examples of delay absorption by the turnaround process. 

Date 
Airline 
type12 

ALDT ATOT 
Arrival 
delay 
(min) 

Taxi-in 
delay 
(min) 

Turnaround 
delay (min) 

Taxi-
out 

delay 
(min) 

Departure 
delay 
(min) 

04/07/2016 LCC 8:19:00 10:40:18 8 2 -23 3 -10 

11/07/2016 Network 16:53:00 18:09:02 23 1 -28 0 -4 

14/07/2016 Network 12:33:00 15:29:28 69 5 -74 0 0 

22/07/2016 Network 13:16:00 15:11:39 26 0 -29 3 0 

07/08/2016 LCC 19:20:00 22:18:01 16 0 -21 4 -1 

19/08/2016 Network 8:30:00 11:30:00 24 0 -28 0 -4 

27/08/2016 LCC 21:19:00 22:06:26 23 0 -27 0 -4 

28/08/2016 Network 19:33:00 21:17:12 38 3 -46 0 -5 

It should be noted that there is a difference between the aircraft scheduled turnaround 

time and the actual turnaround time that goes beyond delay. It is related to the concept of 

schedule contingencies or “buffers”. There are three main types of buffers [8]: 

• “Off-block” buffer, which is added to the time allocated to get from gate to gate in 

order to absorb any off-block delays, such as runway sequencing and airborne 

delay (e.g. arrival management). 

• “At-gate” buffer, defined as the additional time built into the schedule specifically 

to absorb delay whilst the aircraft is on the ground and to allow recovery 

between the rotations of aircraft (although it may be necessary to wait for 

connecting passengers or for a crew change). 

• “Slot” buffer or slack time, due to the availability of airport slots: waits imposed 

upon the airline by factors that are essentially exogenous to its scheduling. 

Therefore, if we consider the turnaround time as the actual time required to perform the 

different on-ground processes (deplane inbound passengers and their bags, service and 

                                                            

 

12 A “network”, “legacy” or “full service” carrier is an airline that focuses on providing a wide range of pre-
flight and onboard services, including different service classes, and connecting flights. Since most network 
carriers operate a hub-and-spoke model, this group of airlines are usually also referred to as hub-and-
spoke airlines. In most European countries, the (former) national carrier operates as a network carrier. 
Meanwhile, Low Cost Carriers (LCC) follow an airline business model that focusses on cost reduction, in 
order to implement a price leadership strategy on the markets they serve [408]. 
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refuel the aircraft, board the outbound passengers and their bags), the difference between 

actual and scheduled timestamps [(AIBT-AOBT) - (SIBT-SOBT)] should be called “excess in 

turnaround time” rather than “turnaround delay” (in order to consider the existence of 

buffers). 

We analyse the operational pattern of the airport through a statistical characterisation 

of the different processes that were previously identified with the BPM and the A-CDM 

milestone approach. The aim is to assess the system’s level of saturation and its ability to 

“receive and transmit” aircraft flows with adherence to the expected schedule. Time 

efficiency performance is measured for each milestone (when scheduled and actual 

timestamps are available) or between two milestones (to assess the length of the process). 

Table 4-7 illustrates the metrics (processes' duration, disturbances at their start/finish 

time and delays) that are evaluated (given the available data for the case study). It contains 

the definition of the measure, its importance and influence on the analysis and the basic 

statistical data. Figure 4-15 shows more detailed statistical information of the appraised 

items, which allows us to characterise and model the different stages (by fitting the duration 

of the process and its starting time accuracy to a statistical distribution). 

Table 4-7. Items appraised regarding the aircraft flow through the airport-airspace integrated 
operations. 

# Metric Definition - Importance 

Statistical 
data: mean 

value (μ) and 
standard 

deviation (σ) 

1 
ALDT-(ETMA 

entrance time). 
E-TMA transit time 

The actual time spent by a flight between its entry 
in the E-TMA and the ALDT is called E-TMA transit 

time. 

μ = 29.6 min 
σ = 10.0 min 

2 
ALDT-IAF. 

Approach time 

The actual time spent by a flight between its pass 
though the Initial Approach Fix (IAF) point (where 

the initial approach segment of an instrument 
approach begins) and the ALDT is called approach 

time. 

μ = 6.9 min 
σ = 1.4 min 

3 

Additional ASMA 
(Arrival 

Sequencing and 
Metering Area). 

Excess in approach 
queuing time. 

The additional ASMA time is a proxy for the 
average arrival runway queuing time on the 

inbound traffic flow, during congestion periods at 
airports. It is the difference between the actual 

ASMA time of a flight and a statistically determined 
unimpeded ASMA time based on ASMA times in 

periods of low traffic demand. 

μ = 1.3 min 
σ = 2.2 min 
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# Metric Definition - Importance 

Statistical 
data: mean 

value (μ) and 
standard 

deviation (σ) 

4 

ALDT-(ASMA 
entry time at 40 
NM upstream). 

ASMA transit time 

ASMA is defined as a virtual cylinder with a 40 NM 
radius (*) around the airport. The actual time spent 

by a flight between its last entry in the cylinder 
and the ALDT is called ASMA transit time. 

μ = 13.6 min 
σ = 3.7 min 

5 
ALDT-SLDT. 
Arrival delay. 

It represents the upstream arrival delay 
(reactionary delay), by assessing whether the 

landing time (timestamp) is developed as 
scheduled, with lateness or in advance. 

μ = 8.3 min 
σ = 30.5 min 

6 AIBT-ALDT It represents the taxi-in process length. 
μ = 8.9 min 
σ = 3.6 min 

7 

Actual taxi-in 
duration (AIBT-
ALDT) against 

Scheduled taxi-in 
duration (SIBT-
SLDT). Taxi-in 

delay. 

It represents a measure for evaluating whether the 
taxi-in operation at the airport is developed as 

scheduled, with lateness or better than expected 
(absorbing delay). 

μ = 0.3 min 
σ = 2.2 min 

8 
AIBT - SIBT. In-
block adherence 

It represents a measure for evaluating whether the 
in-block operation (timestamp) is developed as 

scheduled, with lateness or better than expected 
(absorbing delay). 

μ = 8.6 min 
σ = 30.6 min 

9 AIBT-AOBT It represents the turnaround process duration. 
μ = 165.6 min 
σ = 179.7 min 

10 

Actual turnaround 
time (AIBT-AOBT) 
against Scheduled 
turnaround time 

(SIBT-SOBT). 
Turnaround delay. 

It represents a measure for evaluating whether the 
turnaround operation at the airport is developed 

as scheduled, with lateness or better than expected 
(absorbing delay). 

μ = 4.8 min 
σ = 28.2 min 

11 ASAT-ASRT 

It allows assessing the difference in time between 
the aircraft operator request for start-up and the 

actual start-up approval permission by the Air 
Traffic Controller (ATC). 

μ = 2.4 min 
σ = 21.3 min 

12 
AOBT-ASAT. Push 

delay. 

It allows assessing the difference in time between 
the actual start-up approval permission by the Air 

Traffic Controller (ATC) and the Off-Block 
operation. 

μ = 3.2 min 
σ = 8.9 min 
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# Metric Definition - Importance 

Statistical 
data: mean 

value (μ) and 
standard 

deviation (σ) 

13 
ASAT-TSAT. Start-

up delay. 

It allows to understand whether or not there is 
some delay between the target time for start-up 

and the actual one. 

μ = -1.2 min 
σ = 16.5 min 

14 
AOBT-SOBT. Off-
block adherence 

It represents a measure for evaluating whether the 
off-block operation (timestamp) is developed as 
scheduled, with lateness or better than expected 

(absorbing delay). 

μ = 13.4 min 
σ = 25.7 min 

15 AOBT-ATOT It represents the taxi-out process duration. 
μ = 16.6 min 
σ = 5.3 min 

16 

Actual taxi-out 
duration (AOBT-

ATOT) against 
Scheduled taxi-out 

duration (SOBT-
STOT). Taxi-out 

delay. 

It represents a measure for evaluating whether the 
taxi-out operation at the airport is developed as 
scheduled, with lateness or better than expected 

(absorbing delay). 

μ = 0.9 min 
σ = 4.4 min 

17 ATFCM delay 

CTOT = EOBT + Scheduled taxi-out duration 
(SOBT-STOT) + ATFCM delay. 

A tool used in the European airspace to regulate 
the flow of air traffic through individual end-route 

sectors or airports. 

μ = 3.9 min 
σ = 16.9 min 

18 
System delay 

(primary delay) 

System delay = Taxi-in delay + Turnaround delay + 
Taxi-out delay. 

It allows assessing the relationship between 
arrival delay and departure delay for the different 
operations, i.e. the ability of the airport to absorb 

or mitigate the arrival delay. 

μ = 5.8 min 
σ = 28.6 min 

19 
Departure delay 

(total delay) 
Departure delay = Arrival delay + System delay. 

μ = 14.1 min 
σ = 26.5 min 

20 Local delay 

Local delay = System delay - ATFCM delay 

It allows assessing the “aerodrome true delay”, 
since it does not consider delay due to en-route 

regulations. 

μ = 2.0 min 
σ = 30.6 min 

(*) Due to the particular operational characteristics of the airspace around LEMD, that shape the 
distance for holding patterns, two ASMAs will be considered: radii of 40 NM and 60 NM. 
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Regarding punctuality, each stakeholder will focus on different indicators [12], [27], 

[164]: (a) air navigation service providers will revise ATFCM delay; (b) airport operators 

will analyse off-block delay (AOBT - SOBT) and “ATOT - STOT” (with STOT = SOBT + 

Scheduled taxi-out) as measures for slot adherence and service agreements; (c) passengers 

will perceive “ATOT - SOBT” as a standard for time-reliability; and (d) airlines will review 

scheduling adherence to their operational plans. 

 

Figure 4-15. Statistical characterisation of the different items shown in Table 4-7. 

When analysing flight delays, it should be noted that causes of short delays are often 

quite different from causes of long delays [30], [40]. This is why Figure 4-15 pictures 

“sample outliers” (observations that are markedly different in value from the others of the 

sample). We define an outlier (for each metric) to be any observation outside the range: [Q1 

- k(Q3 - Q1), Q3 + k(Q3 - Q1)], with k = 1.5 [261]; where Q1 and Q3 are the lower and upper 

quartiles respectively13. During the analysis, these outliers (that could be due to faulty data 

or potential non representative operations) might be excluded from the main sample, 

because of the possibility of biased results [they have an impact on the mean value (μ) and 

on the range (spread of data increases)]. Nevertheless, for items which are highly cantered 

at zero with a wide range of variation (like #13 - start-up delay), these outliers are 

important for the analysis, as they provide significant operational information. 

                                                            

 

13 The first quartile, denoted by Q1, is the median of the lower half of the dataset. This means that about 
25% of the observations in the dataset lie below Q1 and about 75% lie above Q1. The third quartile, 
denoted by Q3, is the median of the upper half of the dataset. This means that about 75% of the 
observations in the dataset lie below Q3 and about 25% lie above Q3. 
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Figure 4-16 shows the boxplot for the main delay measures that are considered in the 

analysis. Outliers for these elements (highly centered at zero) give us important information 

regarding time-disturbances and irregular operations. 

 
(a) 

 
(b) 

Figure 4-16. Boxplot for: (a) arrival delay, in-block adherence, turnaround delay and departure delay; 
and (b) taxi-in delay and taxi-out delay. 

Each of the elements shown in Table 4-7 (stages, starting times and delays) is fitted to a 

probability density function. Six different statistical distributions were found to be 

candidates: Weibull, Gamma, Beta, Gumbel, F and Normal. For each item’s data distribution, 

all candidates are evaluated for best fit. This is achieved with a Pearson’s chi-square test at 

95% significance level (confidence interval) and with 7 degrees of freedom [283]. Fricke 

and Schultz [34] and Wu [12] already found this procedure to be efficient when analysing 

on-ground processes. When a parametric distribution cannot properly describe the data, 

we use a Kernel density estimation approach to obtain a nonparametric representation of 

the probability density function of the variable [264]. See Figure 4-17 for some examples. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 4-17. Histogram and distribution fitting for (a) additional time at ASMA 60 NM (sec), (b) 
arrival delay (min), (c) actual taxi-out time (min), and (d) wind intensity (kts). 
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Distribution fitting has four main objectives: (a) to characterise each process’ duration 

and its starting time; (b) to appraise delays and its statistical behaviour; (c) to use 

probability distributions as a tool for dealing with uncertainty in order to make informed 

decisions and predictions (e.g. cumulative density functions can be used for allocating 

turnaround and buffer times); and (d) to use probability distributions as inputs for the 

causal model that is developed later in this study. As an example, Figure 4-18 shows the 

analysis for the turnaround stage (actual process length and in-block/off-block adherence), 

as it is found to be fundamental when assessing the system’s ability to absorb delays [8]. 

 
(a) 

 
(b) 

 
(c) 

Figure 4-18. Histogram and distribution fitting for turnaround: (a) actual duration (min), (b) starting 
time delay (AIBT - SIBT) (min), and (c) finishing time delay (AOBT - SOBT) (min). 

As already mentioned, fitting turnaround characteristic times to a statistical distribution 

may help in the definition of an operational buffer or “slack” (balancing trade-offs between 

schedule punctuality and aircraft utilisation), with the final objective of absorbing arrival 

delay [38]. It also would help airlines to shape schedules, networks and aircraft utilisation, 

and improve operational and financial efficiency (by designing the optimal turnaround time 

for ground operations). 

Although the sample is rather heterogeneous (a range of 746 min), almost 67% of 

turnaround operations last less than 120 min. 34% of operations fall within the interval 

from 30 to 60 min. The mean, median and mode for the turnaround’s length are 166 min, 

78 min and 54 min respectively. For the purpose of our study, aircraft turnaround activities 

are treated aggregately as a “single” process or “black box”. This approach provides us with 

a “macro” view of aircraft turnaround operations and simplifies the observation and 

modelling work needed to study interdependencies in the subsequent causal analysis [12]. 
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Also, this method informs us about the “standard” turnaround time needed for different 

clusters (types of fleets, airline operators, routes), as shown in Figure 4-19. This allows 

revising the system’s operational behaviour and the demand characteristics. 

 
(a) 

 
(b) 

 
(c) 

Figure 4-19. Histogram and curve fitting for the turnaround time (min) at (a) Domestic, (b) European, 
and (c) Long Haul flights. 

Before establishing a taxonomy for the system’s level of saturation, a statistical analysis 

of the data allows us to observe some tendencies and learn some lessons about delay 

behaviour and the system’s response. 

Figure 4-20 (a) shows the demand profile against the declared capacity of the airport for 

the 22nd of July 2016, selected as the baseline day scenario. To identify a representative day 

regarding traffic analysis we used IATA’s definition of the design day (or busy day), i.e., the 

second busiest day in an average week during the peak month [284]. This is the most 

relevant period for airport design and operational planning [270], [284]. 

Figure 4-20 (b) depicts the accumulated hourly delay for arrival and departure 

operations. Meanwhile, Figure 4-21 illustrates the evolution of (a) arrival and (b) departure 

average hourly delay over the day (with one standard deviation intervals), for the complete 

sample of operations. These figures show hours in Coordinated Universal Time (UTC). 

During summer (observation period), local time in Madrid is “UTC + 2 hours”. 
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(a) 

 
(b) 

Figure 4-20. (a) Traffic demand profile (22/07/2016) and (b) arrival/departure accumulated hourly 
delay profile (22/07/2016). 

 
(a) 

 
(b) 

Figure 4-21. Evolution of average hourly (a) arrival delay (min/op), and (b) departure delay (min/op) 
throughout the day (the error bars denote one standard deviation intervals). 

Figure 4-20 shows that the arrival accumulated hourly delay presents two peak periods 

(11-13 and 19-21), with higher levels at the end of the day. Meanwhile, departure delay 

rises as traffic demand reaches capacity (near the hub operational windows). Moreover, 

Figure 4-21 (a) illustrates that arrival average hourly delay increases and accumulates its 

impact over the day, due to the network effect (cumulative and multiplier effect of delays 

due to interconnected flights in a network, where delays are transferred from one segment 

or flight-leg to the consecutive one [285], [286]). Meanwhile, departure average hourly 

delay does not follow this pattern, and presents two main peaks at early morning and late 

evening departures. 

Figure 4-22 (a) depicts the daily evolution of system and local delay (local delay = system 

delay - ATFCM delay). It shows the impact of airspace flow and capacity regulations on on-

ground turnaround. Figure 4-22 (b) illustrates that the effect of ATFCM delay is higher on 

the second part of the day. 
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(a) 

 
(b) 

Figure 4-22. Evolution of average system and local hourly delay (min/op) throughout the day, and (b) 
evolution of average ATFCM hourly delay (min/op) throughout the day. 

Local delay does not completely follow arrival delay patterns, which implies that the 

airport-airspace system is at times somehow capable of absorbing a fraction of the arrival 

delay across the rotation stage. We analyse this aptitude by studying three mutually 

exclusive and complementary stages: taxi-in, turnaround and taxi-out (Figure 4-23). 

 
(a) 

 
(b) 

 
(c) 

Figure 4-23. Relationship between arrival delay and (a) taxi-in delay, (b) turnaround delay, (c) taxi-
out delay (min). 

There is only a clear potential relationship between arrival delay and time recovery in 

the case of the turnaround stage (Figure 4-23 (b)). Unimpeded taxi times can only be as 

short as the physics of the process allows, but can grow large in the event of a slow taxi 

operation [14]. Therefore, main opportunities to recover arrival delays arise at the 

turnaround stage. As discussed, turnaround duration can be “artificially” enlarged by the 

presence of buffers or ATFCM regulations. Figure 4-24 (a) illustrates the system’s ability to 
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absorb delay and recover schedule adherence through the “pure” turnaround stage 

(without considering ATFCM delay). We focus on medium-short delays (between -60 min 

and +60 min delay in arrival), since for other thresholds the relationship is not so illustrative 

(causes for long delays are more related to irregular operations than to inefficiencies). 

Figure 4-24 (b) depicts this ability for the baseline day scenario. 

 
(a) 

 
(b) 

Figure 4-24. Relationship between “pure” turnaround delay (without considering ATFCM delay) and 
arrival delay, (a) for the complete dataset (only short delays) and (b) for the baseline day scenario 

(22/07/2016). 

We find a strong negative correlation (R2 = 0.733) between arrival delay and turnaround 

delay, which is statistically significant at level 0.02 (p-value). The turnaround step is elastic 

enough to somehow adapt itself to arrival delay: when arrival delay increases in 1 min, 

turnaround delay decreases approximately in 0.8 min. The system responds to arrival delay 

through time buffers or by reducing operational times (improving efficiency), and hence on-

ground turnaround is partially absorbing arrival delay. The elasticity of turnaround delay 

with respect to arrival delay depends on the type of operation (hour, airline, aircraft, route): 

Low Cost carriers (LCCs) at midday hours and Network carriers (NCs) with high scheduled 

turnaround times present the higher potential for recovery. Negative values of arrival delay 

usually result in positive turnaround delay values due to slot adherence (LEMD is a 

coordinated airport14). 

Figure 4-25 illustrates “pure” turnaround delay (without considering ATFCM delay) 

characteristics. The evolution of the average hourly delay (min/op) throughout the day 

shows negative values, which implies the presence of early schedule delays (difference 

between a planned time and the actual time.). In our case study, data show an increase in 

negative delays for the “pure” turnaround process at the following time frames: 4-6, 15-17 

                                                            

 

14 Level 3 airports (or coordinated airports) are airports where the transport demand of airlines exceeds 
the airport capacity for significant periods and the situation cannot be resolved in the short term. In these 
airports there will be a Slot Coordinator, and all airlines must have a slot authorised by the Coordinator in 
order to land or take off at the airport (except for State flights, emergency landings and humanitarian 
flights) [405]. 
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and 20-21, which correspond to time-efficiency recovery periods after the hub operational 

windows. 

Delay at the “pure” turnaround stage (as explained in Section 3.3) can adequately be 

represented by a Normal distribution (μ = 0.9 min, σ = 30.3 min), being expressed with the 

following probability density function: 

𝑓𝑁𝑂𝑅𝑀𝐴𝐿 (𝑥, 𝜇, 𝜎) =
1

√2𝜋 · 𝜎
· 𝑒−(

𝑥−𝜇

2𝜎
)
2

 (1) 

 

 
(a) 

 
(b) 

Figure 4-25. “Pure” turnaround delay (without considering ATFCM delay): (a) histogram/curve fitting 
and (b) average hourly delay (min/op) throughout the day (the error bars denote one standard 

deviation intervals). 

Figure 4-26 represents a plot of the quantiles of the sample data (“pure” turnaround 

delay) versus the theoretical quantiles values from a Standard Normal distribution. The plot 

appears linear between -2 and 2 times the standard deviation (95% of the distribution). 

Therefore, the metric related to “pure” turnaround delay can be described through a Normal 

distribution for reasonable operational times (-20 min to 100 min). The rest of the data can 

be understood as outliers (unusual operations) that distort the distribution. 

 

Figure 4-26. Quantile-quantile plot of sample data (“pure” turnaround delay) versus Standard Normal. 
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We can obtain the minimum recommended turnaround time for each aircraft type and 

configuration from its Airplane Characteristics for Airport Planning manual (see for 

example [231], [232]). By comparing this time with the scheduled turnaround time for each 

operation (and considering the average actual turnaround times for each airline and the 

ATFCM delay) we can estimate the implemented buffer time. 

Data show that airlines often deploy long buffer times in parts of the day (when we can 

find higher scheduled turnaround times and lower local delays for the same type of 

operations) as a “fire break time”, in order to control delay propagation and its potential 

impact on schedule reliability. A proper scheduling of turnaround buffer time in aircraft 

rotations helps control the development of inherited delays in the network. It is a balance 

between tight turnaround schedules (which increase aircraft utilisation by reducing flight 

connection time, but are too sensitive to disturbances in the network), and long turnaround 

schedules (which ensure off-block punctuality by adding “reserve times”, but reduce 

aircraft utilisation and increase transfer times for passengers). Therefore, diverse airline 

business models present different challenges for airports. Data show that, except at midday, 

LCCs tend to schedule tighter turnaround times and hence find more difficulties for 

recovering arrival delay on the ground via buffer times (they need to be active in reducing 

processes’ times). Meanwhile, Network carriers stretch their scheduled turnaround times 

mainly during the hub operational windows; but outside these hours, they present enough 

“reserve time” for delay recovery. 

Table 4-8 includes relevant information with respect to traffic mix and infrastructure 

utilisation, in order to understand better the discussion about results on the test case. 

Table 4-8. Relevant features regarding traffic mix and infrastructure utilisation for the case study. 

Arrival 
configuration 

Arrival 
runway 

Terminal 
Area 

Most 
used 

parking 
stands 

Fleet mix 
(wake 

turbulence 
category) 

[248] 

Traffic 
share 

Origin 
Departure 

configuration 
Departure 

runway 
Destination 

North (76%) 

32L 
(34%) 

32R 
(66%) 

T4-T4S 
(55%) 

T123 
(45%) 

Ramps 
10-11-

12 
(41%) 

Super 
Heavy 
(0.2%) 

Heavy 
(15.9%) 

Medium 
(83.5%) 

Light 
(0.4%) 

NCs 
(69%) 

LCCs 
(29%) 

Cargo 
(1%) 

General 
Aviation 

(1%) 

Domestic 
(34%) 

European 
(48%) 

Long 
Haul 

(18%) 

North (90%) 

South (10%) 

36L (44%) 

36R (46%) 

14L (5%) 

14R (5%) 

Domestic 
(33%) 

European 
(48%) 

Long Haul 
(19%) 

South (24%) 

18L 
(64%) 

18R 
(36%) 

T4-T4S 
(54%) 

T123 
(46%) 

Ramps 
10-11-

12 
(44%) 

Super 
Heavy 
(0.1%) 

Heavy 
(9.7%) 

Medium 
(90.1%) 

Light 
(0.1%) 

NCs 
(67%) 

LCCs 
(31%) 

Cargo 
(1%) 

General 
Aviation 

(1%) 

Domestic 
(34%) 

European 
(55%) 

Long 
Haul 

(11%) 

North (28%) 

South (72%) 

36L (14%) 

36R (14%) 

14L (40%) 

14R (32%) 

Domestic 
(35%) 

European 
(53%) 

Long Haul 
(12%) 
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Data do not demonstrate a clear positive relationship between delay (at the different 

stages) and the number of operations. Nevertheless, the correlation becomes stronger and 

statistically significant during congested hours (when the airport operates near its declared 

capacity). Figure 4-27 shows that elasticity of “pure” turnaround delay with respect to 

arrival delay changes depending on the number of operations. Situations below the 

threshold of 20 operations/hour shows the higher potential for arrival delay recovery. 

  

  

Figure 4-27. Relationship between turnaround delay (without considering ATFCM delay) and arrival 
delay for different thresholds (number of operations). 

As can be seen in Figure 4-28 (a), events of longer duration (arrival and turnaround 

processes) are the ones that contribute most to departure delay, and therefore to a potential 

operational saturation of the airport. These stages are the most likely to generate delays, 

but also those where more possibility of recovery exists. Delay at taxiing processes does not 

reach large levels in absolute terms compared to other stages, but it can be relatively 

significant in situations of congestion or at certain times: at the beginning and end of the 

day for taxi-in and midday for taxi-out (Figure 4-28 (b)). 

Figure 4-28 (a) shows large positive delays at 1 UTC due to the sample size, which is 

limited for operations registered at this hour: the presence of several flights with an 

inherited reactionary lateness of more than 75 minutes has great impact on the average 

registered delay. Furthermore, these late inbound operations display turnaround 

inefficiencies that are related to the airport operational schedule overrun (aircraft landing 

and passengers disembarking at irregular hours, at sub-optimally allocated gates). 

However, these flights have been particularly active recovering time at the ASMA 
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(additional ASMA 60 NM times are negative), helped by the fact that these are low congested 

hours. Arrival delays grow throughout the day due to the network effect; schedule 

adherence is achieved in the early hours of the day, but efficiency in handling the aircraft 

arrival flow is progressively degraded. 

 
(a) 

 
(b) 

Figure 4-28. (a) Contribution of each stage to departure hourly average delay (min/op), and (b) 
evolution of average taxiing hourly delay (min/op) throughout the day. 

Uncertainty of approach conditions makes traffic supply to runways a stochastic 

phenomenon. Hence, in order to ensure continuous traffic demand and maximise runway 

usage, a minimum level of queuing is required [8]. Nevertheless, there is a trade-off between 

approach efficiency and runway throughput, because additional time in holding is harmful 

in terms of operational efficiency, fuel consumption and environmental impact. Figure 4-30 

(a) illustrates the average landing rate (aircraft/hour) as a function of the number of 

queuing aircraft at LEMD. It shows that the average landing rate stabilises once there are 

approximately 21 queuing aircraft and stays at around 40-41 aircraft/hour. Therefore, any 

further approaches may lead to congestion and will not result in an improvement at the 

landing rate. Symmetrically, if we look at the departure process, uncertainty of take-off 

conditions requires a minimum level of surface queuing to maximise runway usage. Pujet 

et al. [287] and Simaiakis and Balakrishnan [14] evaluated surface congestion by 

considering the take-off rate of an airport as a function of the number of aircraft taxiing out 

(Figure 4-29). Figure 4-30 (b) depicts this relationship for LEMD, where the departure rate 

stabilises at around 37-38 aircraft/hour once there are approximately 36 departing aircraft 

on the ground (any further pushbacks may lead to congestion).  

 

Figure 4-29. Dependence of the departure throughput on the departure demand for Newark Liberty 
Airport [14]. 



4. Characterisation 

89 
 

 
(a) 

 
(b) 

Figure 4-30. (a) Average landing rate as a function of the number of queuing aircraft; and (b) average 
take-off rate as a function of the number of departing aircraft on the ground. 

There is not a stable relationship between the number of aircraft queuing at arrival and 

the runway departure rate per hour, beyond the fact that the two of them increase during 

peak hours. This means that, at the observation period, arrivals and departures are not 

limiting each other, apart from the declared capacity and the operational procedures. 

Nevertheless, during high delay periods, we can find a cross-relationship that is statistically 

significant between arrival and departure processes, especially between the number of 

aircraft taxiing out and (a) the number of aircraft queuing for approach, (b) the number of 

flights with holding patterns and (c) the ASMA additional time. 

Regarding airspace processes (E-TMA transit time, ASMA transit time and approach 

time), their lengths during non-congested hours result rather inelastic with respect to 

arrival delay. Meanwhile, during congested hours, data show a positive and statistically 

significant relationship between arrival delay and the number of aircraft queuing for 

landing, and also between arrival delay and the number of flights with holding patterns. 

Therefore, the approach stage and its procedures prove to have substantial importance in 

reactionary delay and schedule adherence when the airport is operating near its declared 

capacity. Beyond the threshold of 20 arrivals/hour, arrival delay increases with the ASMA 

additional time, which in turn increases with the number of flights suffering holding 

patterns. The additional ASMA time and the number of flights with holding patterns almost 

stop increasing when the landing rate reaches 40 aircraft/hour. This phenomenon is related 

to the airport arrival capacity limit. 

As expected, bad weather conditions (high wind intensity and low visibility) have a 

considerable and statistically significant impact on delays, especially on those related to 

airspace process: E-TMA transit time, ASMA transit time and approach time. This conclusion 

also arises when separation between aircraft (measured at the IAF or at the runway 

threshold) significantly increases (over one standard deviation) above average values. 

Regarding the influence of airport layout, the highest actual taxiing times result from the 

combination of north runway configuration and the use of the T123 terminal area and its 

associated stands. Conversely, best opportunities for time-recovery at the taxiing stage 

(lowest taxiing delays) can be found with north configuration and the use of the T4/4S 
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terminal area. Moreover, changes in runway configuration trigger an increment in actual 

taxiing times over the 30 minutes following the swift (delay is increased by 10% on 

average). Runway configuration is associated to the dominant wind direction and the use of 

certain aircraft parking stands is related to the airline alliance that operates at each terminal 

area. Therefore, delay absorption strategies related to airport infrastructure use may not be 

always applicable. Nevertheless, data show that, within the same runway configuration, the 

use of different parallel runways can limit taxiing times (e.g. when T4T4S is assigned and 

the airport operates in north configuration, arrivals from runway 32R -and therefore 

approaches coming from the east airspace- suffer lower taxi-in delays). 

Finally, Figure 4-31 (a) shows the evolution of average hourly arrival delay throughout 

the day and the “future” average hourly system delay that aircraft arriving at each hour will 

present. Potential ability for delay recovery increases at the second half of the day. 

Nevertheless, it should be noted that delay recovery at the end of the day is mainly due to 

aircraft based at the airport. These operations present a long-scheduled turnaround (no 

new legs programmed overnight) that enable them to recover arrival lateness and 

overcome the accumulated network effect, as can be seen in Figure 4-31 (b). 

 
(a) 

 
(b) 

Figure 4-31. (a) Average arrival hourly delay throughout the day and “future” system delay for flights 
arriving at each hour and (b) scheduled (min/op) turnaround length (the error bars denote the 

range). 
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5. Monitoring 

The Monitoring section presents a taxonomy based on a graphical model to assess the 

system’s capacity to “receive and transmit” aircraft streams with adherence to the expected 

schedule. Apart from this graphical approach, the system’s operational behaviour (in terms 

of time saturation) is also analytically appraised through an algorithm that classifies the 

system’s state regarding delay management. Finally, by considering the accumulated delay 

across the different processes and its evolution, several indicators are proposed to evaluate 

the system’s level of saturation and its ability to ensure an appropriate aircraft flow in terms 

of time-efficiency. The main application of these methodologies is the analysis of the 

mechanisms for delay transmission, so the knock-on effect15 can be confronted and handled. 

The operational efficiency of the airspace-airside system is critical in controlling delay 

propagation in an airline network, due to flight connections by aircraft routing [35]. Figure 

5-1 (a) illustrates a graphical taxonomy for evaluating and characterizing the system’s 

behaviour in terms of time-efficiency and delay absorption “performance”. The horizontal 

axis represents the system delay, while the vertical axis represents the arrival delay. This 

phase map can be used to assess the “efficiency” of ground operations, i.e. the ability of the 

airport and the ground handling agents to respond to schedule perturbations. When 

operations are located in zone (1), the system is absorbing arrival delay and can mitigate it 

partially or even totally (departure delay develops at a lower rate than arrival delay). If 

operations fall in zones (2) or (3), it means that turnaround processes are further disturbed 

by operational disruptions or inadequacy of resources. Therefore, ground operations 

introduce new delay. It can be at a lower scale than arrival lateness (2) or even amplifying 

arrival delays (3). In zone (4), arrival delay is negative, but the system introduces schedule 

disturbances and generates delay, resulting in departure delayed operations (it could also 

be due to slot adjustments). Zone (5) implies that aircraft departures before scheduled time, 

which could not be possible (e.g. in coordinated airports with fixed allocated slots or due to 

passenger connections and crew changes). 

                                                            

 

15 “Reactionary”, “knock-on” or also called “propagated delays” are delays without an own specific origin 
or cause. They represent the duration of a delay which is transferred from a previous flight of the same 
(rotational) or a different (non-rotational) aircraft [40], [116]. 
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Figure 5-1 (b) shows the system’s behaviour for the baseline day scenario (22/07/2016), 

with 36% of operations falling in zone (1), i.e. “delay absorption” phase. 

 
(a) 

 
(b) 

Figure 5-1. Graphical taxonomy for the system behaviour: (a) phase map and (b) application to the 
baseline day scenario (22/07/2016). 

As already mentioned, delay absorption “performance” can vary with the airline, 

handling agent, gate location, aircraft type, route origin and destination, local 

meteorological conditions, runway configuration, etc. Figure 5-2 illustrates the graphical 

taxonomy for two different clusters during the observation period: (a) domestic flights 

operated by LCCs, which presents 24% of operations in zone (1) and (b) long haul flights 

operated by Network carriers, with 30% operations in zone (1). This result illustrates that 

tight turnarounds in domestic flights provide less opportunities for delay recovery. 

This taxonomy helps us to obtain lessons about the potential for delay absorption, and 

the drivers that enhance it. 

 
(a) 

 
(b) 

Figure 5-2. Delay phase map for two types of operations: (a) Domestic flights by LCCs and (b) Long 
Haul flights by Network carriers. 

The operational behaviour in terms of time saturation could also be analytically 

appraised through the algorithm shown in Figure 5-3. It classifies the state of the system by 

relating arrival, system and departure delay. As previously stated, delay refers to the time 

difference between the actual time and the schedule time of a timestamp or process. 

Therefore, delays can be positive or negative, meaning early departure or early arrival of a 

flight. 
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Figure 5-4 illustrates the evolution of the system’s state (in terms of delay absorption) 

for the week of 18-24 July 2016, which includes the baseline day scenario. It is computed 

with the hourly average delay, but it could also be calculated for each operation. By 

analysing this type of graphs for different clusters, we can obtain information about the 

system dynamics in terms of delay management performance, consecutive changes in delay 

phases and the probability of this to happen. 

 

Figure 5-3. Algorithm for evaluating the system’s performance in terms of delay absorption. 

 

Figure 5-4. Delay phase change through the week of 18-24 July 2016 (see system’s state meaning in 
Figure 5-3). 

The development mechanism of departure delay and the system operational buffer can 

be extracted from Figure 5-3 and Figure 5-4. If arrival delay is shorter than the scheduled 

buffer time for the turnaround, then arrival delay will be partially or fully absorbed by the 

scheduled buffer time (delay mitigation or absorption), with the possibility of achieving 

schedule adherence. If arrival delay is larger than the buffer, the resulting departure delay 

may develop according to one of three scenarios. First, the system may be able to maintain 

efficient turnaround operations and the level of departure delay will be less than the one of 

inbound delay (delay mitigation). Second, if the system is able to perform without 

introducing additional delay, departure delay will reproduce the inbound schedule 

disturbance (delay transmission). In these previous situations, airlines may contain the scale 
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of delay propagation in a network without tactically allocating more resources during 

operations. Third, ground operations may be further disturbed by the (a) late arrival of 

inbound aircraft, (b) late transfer of passengers, baggage and crew, (c) inefficient 

passenger/cargo terminal processes, or (d) disruptions in ground handling plans (delay 

propagation or amplification); hence, outbound departure flights suffer further delays, not 

only due to arrival lateness but also from additional disturbances during aircraft 

turnaround. The causal model developed later in this study allows us to predict when the 

system will be facing this last situation and which conditions act as precursors for it. Once 

this situation is predicted, delay could be partly compensated by means of enlarged buffers, 

improved ground operations efficiency or the allocation of more resources to speed up 

aircraft turnaround. These actions may stop or significantly reduce the risk of delay 

propagation in an airline network. 

The delay behaviour at each stage (arrival, taxi-in, turnaround, taxi-out) and the global 

level of saturation are also quantitatively appraised with the definition of several indexes 

and performance indicators (Table 5-1). These metrics evaluate delay evolution, 

compressibility of the processes, hourly distribution of delays throughout the day, 

contribution of each stage to the system’s saturation and impact of different operations on 

delay propagation. To build these indexes we selected basic delay indicators, extracted from 

them relevant information and aggregated them in a convenient way to obtain synthetic 

indicators that summarise common characteristics16. 

Table 5-1. Indexes and indicators for operational saturation analysis. 

Index/Indicator Equation Definition and applicability 

Kij: Delay 
evolution 
indicator 
(applied to the 
total operation 
and to each of 
the partial 
stages) 

𝐾𝑖𝑗 =
𝐷𝑖𝑗 − 𝐴𝐷𝑖𝑗−20

|𝐴𝐷𝑖𝑗−20|
 (%) 

Dij = Delay for flight i at stage j. 

ADij-20 = Average delay over the 20 
preceding flights to flight i (at stage j). It can 
be computed as a moving average, weighing 
the operations to assign a greater impact on 
the latest. If there are extreme delay values, 
the index provides better results with the 
geometric average. 

It measures delay evolution, considering the 
system’s behaviour throughout the last 
flights and allowing us to judge the 
efficiency of the actions implemented to 
solve the congestion problems. 

                                                            

 

16 An aggregate or synthetic index is, above all, the sum of its parts. It is a multidimensional construct that 
has condensed a substantial amount of data into a single quantitative measure aimed at providing 
structured information about the potential dangers and sources of instability to the system [409]. 
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Index/Indicator Equation Definition and applicability 

DIIij: Delay 
Impact Index 

𝐷𝐼𝐼𝑖𝑗 =
𝐷𝑖𝑗

𝑃𝑃𝐿𝑖𝑗
 (%) 

Dij = Delay for flight i at process j. 

PPLij = Process planned length for flight i at 
process j. 

It measures the impact of delay over the 
expected duration of the process. 

CI: 
Compressibility 
Index 

𝐶𝐼𝑖𝑗 =
𝑃𝐴𝐿𝑖𝑗

𝑃𝑃𝐿𝑖𝑗
 (%) 

PALij = Process actual length for flight i at 
process j. 

PPLij = Process planned length for flight i at 
process j. 

It measures the process ability to be 
compressed. 

θij: Stage 
Contribution 
Index (to 
departure delay) 

𝜃𝑖𝑗 = 
𝐴𝐻𝐷𝑖𝑗

|𝐴𝐻𝐷𝑑𝑗|
 (%) 

AHDij : Average hourly delay for stage i at 
hour j. 

AHDdj : Average hourly departure delay at 
hour j. 

It measures the percentage of delay that 
each stage introduces at each hour, hence 
the main contributors can be detected. 

α1 and α2: Hourly 
Delay 
Performance 
Indicators, based 
on the aircraft 
type. A variation 
of the 
Herfindahl-
Hirschman Index 
[288] 

𝛼1  =  ∑(𝛽𝑘 ∗ 𝐴𝐻𝐷𝑖𝑗
𝑘 )

𝑘

(
𝑚𝑖𝑛

𝑜𝑝
) 

𝛼2 = 
∑ (𝛽𝑘 ∗ 𝐴𝐻𝐷𝑖𝑗

𝑘 )𝑘

|𝐴𝐷𝐷𝑖|
 (%) 

(for each stage and each hour) 

βk = Weight of each aircraft wake-turbulence 
category. 

AHDij
k  : Average hourly delay for stage i at 

hour j (for category k). 

NOj = Number of operations at hour j. 

ADDi: Average daily delay for stage i. 

Each type of aircraft, according to its wake-
turbulence category [248], requires 
different operational procedures (with 
different levels of complexity) that may have 
an impact on the final delay. 

This index allows measuring the 
concentration of delays within each hour, 
referring to the type of operations served. 
The aircraft classification could be changed 
to reflect the influence of different variables: 
the engine category (turbofan/turboprop), 
the aircraft size (narrow/wide body) or the 
flight type (domestic/European/long haul). 
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Index/Indicator Equation Definition and applicability 

η1 and η2: Daily 
Delay 
Performance 
Indicators. A 
variation of the 
Lerner Index 
[289] 

𝛾𝑗 = 
𝑁𝑂𝑗

∑ 𝑁𝑂𝑗
24
1

 (%) 

𝜂1 = ∑ 𝛾𝑗 ∗  𝐴𝐻𝐷𝑖𝑗

24

1
 (

𝑚𝑖𝑛

𝑜𝑝
) 

𝜂2 =
∑ 𝛾𝑗 ∗  𝐴𝐻𝐷𝑖𝑗

24
1

|𝐴𝐷𝐷𝑖|
(%) 

(for each stage and each day) 

NOj = Number of operations at hour j. 

γj : Influence coefficient of each hour j. 

AHDij : Average hourly delay for stage i at 
hour j. 

ADDi: Average daily delay for stage i. 

This indicator seeks to measure delay 
concentration throughout the day, assigning 
greater importance to the hours when the 
system has been more congested. This 
allows evaluating whether or not the actions 
taken during these periods of saturation 
have been successful in terms of reducing 
delay. A high value of γ with a low value of 
AHDij is a symptom of efficiency. 

Figure 5-5 and Figure 5-6 show a selection of indexes for the baseline day scenario 

(22/07/2016). Figure 5-5 (a) allows us to observe the daily evolution of departure delay 

and obtain some conclusions about its behaviour (e.g. peaks are higher when approaching 

the hub operational windows, and they are usually followed by troughs, with the system 

recovering from congestion). Figure 5-5 (b) illustrates the ability of the “pure” turnaround 

process (without considering ATFCM delay) to compensate arrival delay at certain times. 

Meanwhile, Figure 5-6 (a) illustrates the hourly concentration of delays for each partial 

stage, when we assess delays by giving higher weight to heavy aircraft. It displays the impact 

of taxiing delays at certain times (especially midday). Figure 5-6 (b) shows that average 

hourly departure delay does not reach its maximum values at most operated hours, but 

increases over the day (due to the accumulated effect of reactionary delay and network 

impact). 

 
(a) 

 
(b) 

Figure 5-5. (a) Ki, for departure delay and (b) θij for arrival delay and “pure” turnaround delay 
(without considering ATFCM delay) (22/07/2016). 
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(a) 

 
(b) 

Figure 5-6. (a) α2 and (b) γi against average hourly departure delay for the baseline day scenario 
(22/07/2016). 

These taxonomies and indexes may allow policy makers, airport operators and air 

navigation service providers to evaluate the system’s capacity to “receive and transmit” the 

expected aircraft flows with time efficiency. It also enables us to make time projections of 

future delays throughout the day. 

Sections 4 and 5 develop an overview of the operations that represent the aircraft flow 

through the airspace/airside system. In this analysis, we use a dynamic spatial boundary 

associated with the E-TMA concept, so a linkage between inbound and outbound flights can 

be proposed and also airport and air traffic operations can be integrated. The aircraft flow 

is characterised by several temporal milestones related to the A-CDM method and 

structured by a hieratical task analysis, providing a BPM for the ATV stage (rotation flow). 

The application of the methodology to a case study of 34,000 turnarounds (registered at the 

peak months of 2016) at Madrid Airport showed that arrival delay increases and 

accumulates its impact over the day, due to network effects. But departure delay does not 

follow this pattern, which implies that the airspace/airside system is somehow capable of 

absorbing a fraction of the arrival delay across the ATV stage. We analyse this aptitude by 

studying and characterising the different processes that were previously identified with the 

BPM and the milestone approach. This evaluation of the system’s level of saturation is 

completed by the proposal of a phase map and a taxonomy regarding delay absorption, and 

the definition of different indexes and performance indicators. 
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6. Uncertainty 
management 

The Uncertainty management section introduces the methodologies that will be 

proposed in order to handle the uncertain circumstances that shape airport operations. 

Uncertainty is a fundamental and unavoidable feature of the airport system. In order to 

deal with this uncertainty efficiently, we need to be able to represent it and reason about its 

implications [56], [77], [290]. Uncertainty can arise from incomplete information about the 

state of the system and the variables that influence its operations, or from practical and 

theoretical limitations in our ability to predict future events. 

Therefore, we need robust models for performance assessment and decision-making 

that account for the different sources of uncertainty in the current state of the system and 

the future outcomes of events (e.g. runway configuration, aircraft performances, air traffic 

regulations, airline business models, ground services, meteorological conditions, time-

adherence of processes). 

Accounting for uncertainty requires a formal representation. We propose different 

probabilistic reasoning techniques based on graphical approaches, which combine the need 

for both representing and reason about uncertainty. 

The previous characterisation and monitoring models (Sections 4 and 5) gave us several 

insights regarding the dynamics that drive airport processes. This is now completed with 

an appraisal of the relationships between the factors that influence the aircraft flow. We 

create a probabilistic graphical model, using a Bayesian Network (BN) approach that 

manages uncertainty at the ATV stage. It predicts outbound delays given the probability of 

having different values at the causal control variables. Moreover, by setting a target to the 

output delay, the model provides the optimal configuration for the input nodes. Different 

lessons can be learned regarding uncertainty propagation, time saturation and system 

recovery (where to act). This predictive tool is based on a graphical probabilistic model that 

elicit the causal relationships (interdependencies) between the different variables that 

influence airport performance. Therefore, it allows us to perform cross-impact and 

sensitivity analyses. 
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The predictive and causal study is completed with a reliability assessment. The analysis 

of the airport operational reliability is fundamentally linked to the knowledge of the 

system’s behaviour and dynamics. Our research proposes a model for assessing airport 

performance at a tactical level (time scale), focusing on the airspace-airside turnaround 

operations (space scale) and considering different areas: delay, capacity, environmental 

impact and operational complexity. Airports are transportation systems that can complete 

their tasks with partial performance levels: failures of some system elements may lead to 

partial degradation of the system behaviour, which cannot be assessed with the traditional 

binary reliability view (working – not working). To consider this performance granularity, 

our model uses a multistate approach. A Markov-chain based methodology allows us to 

predict the system’s reliability evolution and move from reactionary measures to predictive 

interventions. It also considers the impact of stochasticity on performance prediction by 

assessing the system operational dynamics. 

6.1 Probabilistic reasoning techniques 

The aim of probabilistic reasoning techniques is to combine the capacity of probability 

theory to handle uncertainty with the capacity of deductive logic to exploit structure of 

formal argument [291]. The result is a richer and more expressive formalism with a broad 

range of possible application areas. Probabilistic reasoning (or logics) attempt to find a 

natural extension of traditional logic truth tables: the results they define are derived 

through probabilistic expressions instead [292]. Thus, in our study we seek to build 

network models in order to reason under uncertainty according to the laws of probability 

theory [76]. Probabilistic networks have become an increasingly popular paradigm for 

probabilistic inference, addressing such tasks as diagnosis, prediction, decision making, 

classification, and datamining. From its infancy in the mid-1980s till today there has been a 

rapid development of algorithms for construction, inference, learning, and analysis of 

probabilistic networks, and since the turn of the millennium there has been a steep increase 

in the number of new applications of probabilistic networks [80]. Its popularity stems from 

a number of factors: 

• The graphical-based language for probabilistic networks is a powerful tool for 

expressing causal interactions while at the same time expressing dependence 

and independence relations among entities of a problem domain. Being graphical 

and compact the language furthermore provides an excellent intuitive means of 

communicating ideas among knowledge engineers and problem-domain experts. 

• Although inference in complex probabilistic networks can be quite demanding 

(or even intractable), inference can often be performed efficiently in models of 

hundreds or even thousands of variables. 

• Inference in probabilistic networks is based on a well-established theoretical 

foundation of probability calculus and decision theory and hence provides 

mathematically coherent methods for deriving conclusions under uncertainty 
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where multiple sources of information and complex interaction patterns are 

involved. 

• There exist efficient algorithms for learning and adaptation of probabilistic 

networks from data and it is possible to fuse data and expert knowledge. 

• Probabilistic networks are “white boxes” in the sense that the model components 

(variables, links, probability and utility parameters) are open to interpretation, 

which makes it possible to perform a whole range of different analyses of the 

networks (e.g., conflict analysis, (in)dependence analyses, sensitivity analysis, 

and value of information analysis). 

• There exist a number of powerful software tools that make it easy to construct 

and make inference in probabilistic networks. 

The first method we propose for uncertainty management is based on a Bayesian 

Network (BN) approach. A BN can be described briefly as an acyclic directed graph (DAG) 

which defines a factorisation of a joint probability distribution over the variables that are 

represented by the nodes of the DAG, where the factorisation is given by the directed links 

of the DAG. Thus, BN are graphical probabilistic models, in which each node denotes a 

random variable, and each arc denotes a direct dependence between variables (nodes that 

are not connected symbolise variables that are conditionally independent of each other). 

Each node is associated with a probability function that takes, as input, a particular set of 

values for the node's parent variables, and gives (as output) the probability (or probability 

distribution, if applicable) of the variable represented by the node. BN are used for 

reasoning under uncertainty. Contrary to rule-based systems with certainty factors, 

inference in BN is always consistent, and the ability to handle the explaining-away problem 

is embedded naturally in the way in which inference is performed in Bayesian networks. 

We apply the BN method for the predictability and causality analysis in airport operations. 

The contribution of this technique regarding our study is twofold: it presents a novel 

methodological approach to tackle uncertainty when linking inbound and outbound flights 

(a predictive and causal model) and it also provides insights on the interdependencies 

between the different attributes involved in airport operations. 

The second method propose for uncertainty management is based on a Multistate 

System (MSS) approach, developed through a Markov chain model. All technical systems 

are designed to perform their intended tasks in a given environment. Some systems can 

perform their tasks with various distinguished levels of efficiency, usually referred to as 

performance rates. A system that can have a finite number of performance rates is called a 

multistate system (MSS) [209], [293]. MSS reliability analysis relates to systems for which 

one cannot formulate an "all or nothing" type of failure criterion. Such systems are able to 

perform their task with partial performance (intensity of the task accomplishment). 

Failures of some system elements lead only to the degradation of the system performance 

[294]. In our study, the methods of MSS reliability assessment are based on a Markov chain 

approach. Stochastic processes focus on the study and modelling of systems that evolve over 

time, or space, according to non-deterministic laws, i.e. systems of a random nature [78]. 

The usual way to describe the evolution of the system is through successions or collections 
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of random variables. In this way, we can study how a random variable evolves over time 

[295]. Markov chains are stochastic models describing a sequence of possible events in 

which the probability of each event depends only on the state attained in the previous event; 

i.e., Markov chains are stochastic processes where we can make predictions for the future 

of the process based solely on its present state [296]–[298]. This “lack of memory” is called 

the Markov property [297]. The contribution of this technique regarding our research is 

twofold: it presents a new methodological approach to evaluate airport operational 

dynamics and it also provides insights on how different factors influence performance over 

time. 

6.2 Predictability – causality analysis 

Previous Sections (4 and 5) analysed and characterised the aircraft flow of processes in 

order to understand airport operational dynamics. Now we will generate a causal 

probabilistic model to manage uncertainty in the ATV environment. The linkages between 

different parts of the study are depicted in Figure 6-1. The main contribution is the proposal 

of a methodological approach to: (a) understand relationships among procedures at the 

ATV stage (development of a process model); (b) identify factors influencing performance; 

(c) characterise uncertainty sources; and (d) appraise the cross-dependencies among 

variables (development of a causal model). Following this methodological approach, a test 

case is discussed to obtain tangible outcomes. 

 

Figure 6-1. High-level methodology for the uncertainty management problem in airport operations. 

The stochastic nature of air traffic and airport operations at the E-TMA is mainly due to 

external uncertainty sources and to the intrinsic variation of the duration of processes [12], 

[27], [44]. In order to ensure continuous traffic demand at runways and maximise airport 

infrastructure usage, a minimum level of queuing is required. However, additional time in 

holdings and buffers may originate incremental delays, which are detrimental to operations 

efficiency, fuel consumption and environmental sustainability [8], [44], [55]. Delay 

dynamics and their propagation are a core element when assessing performance [164]. 

Apart from the associated economic costs [114], delays have a substantial impact on the 
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schedule adherence of airports and airlines, passenger experience, customer satisfaction 

and system reliability [12], [35]. A significant portion of delay generation occurs at airports, 

where aircraft connectivity acts as a key driver for delay propagation [120]. Therefore, 

uncertainty management and delay propagation affecting internal E-TMA and airport 

processes have received significant attention over the years [13], [28], [34], [37], [141], 

[177]. The inherent complexity of the delay propagation problem (operational uncertainty) 

and the intrinsic challenges in predicting the entire system behaviour explain the use of 

different modelling techniques: queuing theory [31], [178], stochastic delay distributions 

[179], propagation trees [165], [180], [181], periodic patterns [182], chain effect analysis 

[183], random forest algorithms [59], statistical approaches [184], non-linear physics [185], 

phase changes [186] and dynamic analysis [120]. In this study, delay propagation patterns 

and influence variables are characterised by using a Bayesian Network (BN) approach, 

including stochastic parameters to reflect the inherent uncertainty of the aircraft flow 

performance at the E-TMA. BNs are graphical probabilistic models used for reasoning under 

uncertainty [93], [299]. This technique has proven to be an effective tool for risk 

assessment, resource allocation and decision analysis [300]. Moreover, BNs have unique 

strengths with respect to cross inference and visualisation [83] and have previously been 

used to tackle several air transport issues: efficiency of air navigation service providers 

[301], wayfinding at airports [302], delay propagation [57], [191], [192], safety [303], [304] 

and the improvement of the aviation supply chain [305]. Several studies [187]–[189] 

demonstrate the utility of graph theory and BNs as a methodology for modelling the 

diffusion of events and incidents from a node-level to a system-level (interdependence of 

multiple factors). Moreover, Liu et al. [190], Liu and Wu [191] and Xu et al. [192] confirmed 

that BNs can explain how subsystem-level causes propagate to provoke system-level effects, 

specifically focusing on how delays at an origin airport propagate to create delays at a 

destination airport. We seek to manage uncertainty at source: through the development of 

a tool for better understanding of hidden dynamics at the airspace/airside integrated 

operations. 

Therefore, the methodology for improving predictability in airport operations is 

developed using a Bayesian Network (BN) approach. As introduced before (Section 6.1), 

BNs are graphical probabilistic models used for reasoning under uncertainty. A BN is a 

Directed Acyclic Graph (DAG), in which each node denotes a random variable17, and each 

arc denotes a direct dependence between variables (nodes that are not connected 

symbolise variables that are conditionally independent of each other) [80]. The DAG that 

results from the construction of a BN is quantified via a series of conditional probabilities 

based on data or information about the system or problem. It defines a factorisation of a 

                                                            

 

17 Uncertainty about a single event is quantified by its probability. We are often interested, however, not 
so much in an uncertain event as in an uncertain quantity. An uncertain quantity is usually called a random 
variable. An event either occurs or does not occur, whereas a random variable may take any value of some 
collection of possible values [78]. 
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joint probability distribution over the variables represented in the DAG [82], [83], [100]. 

The factorisation is represented by the directed links in the DAG [81]. That is, each node is 

associated with a probability function that takes (as input) a particular set of values for the 

node's parent variables, and gives (as output) the probability (or probability distribution, if 

applicable) of the variable represented by the node [82]. Therefore, the structure of the BN 

(nodes and arcs) encodes conditional dependence relationships between the random 

variables. Each random variable is associated with a set of local probability distributions 

(parameters in the Conditional Probability Tables (CPT)). Probability information in a BN is 

specified via these local distributions [83]. Consequently, a BN is a pair (G, P), where G is 

DAG defined on a set of nodes x (the random variables), and P = {p (x1│π1), …, p (xn│πn)} is 

a set of n Conditional Probability Densities (CPD), one for each variable. πi is the set of 

parents of node xi in G. The set P defines the associated joint probability density of all nodes 

as (the chain rule for BNs) [80], [299]: 

𝑝(𝒙) = 𝑝 (𝑥1, … , 𝑥𝑛) =  ∏𝑝 (𝑥𝑖|𝜋(𝑥𝑖)

𝑛

𝑖=1

) 
(2) 

The graph G contains all the qualitative information about the relationships between the 

variables, regardless of the probability values assigned to them. Additionally, the 

probabilities in P contain quantitative information, i.e., they complement the qualitative 

properties revealed by the graphical structure [82], [83], [100]. Figure 6-2 gives a basic 

example for a BN, where X2 and X3 are parent nodes of X4 (child node for X2 and X3): the 

probability distribution of X4 depends exclusively on the value of its parent variables (X2 

and X3), i.e. X4 is conditionally independent of X1 given knowledge of X2 and X3. The joint 

probability distribution can be represented as (using Equation 2): P(x1, x2, x3, x4, x5) = 

P(x1)P(x2|x1)P(x3|x1)P(x4|x2, x3)P(x5|x4). 

 

Figure 6-2. Example of causal inference in a BN. 

Causal relationships in BNs are related to belief propagation and independence between 

nodes (how a change of certainty in one variable may change the certainty for other 

variables) [81], [101]. There are three types of connections between nodes in a BN: (a) serial 

connections (evidence may be transmitted through a serial connection unless the state of 

the variable in the connection is known); (b) diverging connections (evidence may be 

transmitted through a diverging connection unless it is instantiated); and (c) converging 

connections (evidence may be transmitted through a converging connection only if either 

the variable in the connection or one of its descendants has received evidence) [80], [81]. 

The three preceding cases cover all ways in which evidence may be transmitted via a 
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variable. For any pair of variables in a causal network, it is possible to ascertain, whether or 

not they are independent given the evidence introduced in the network. This is achieved by 

validating that the nodes are not d-separated (not structurally independent). Two distinct 

variables A and B in a causal network are d-separated (“d” for “directed graph”) if, for all 

paths between A and B, there is an intermediate variable V (distinct from A and B) such that 

the connection: (a) is serial or diverging and V is instantiated or (b) is converging, and 

neither V nor any of V’s descendants have received evidence. If A and B are not d-separated, 

we call them d-connected [81]. 

To test whether a variable Xi has a causal influence on another variable Xj, we compute 

the (marginal) distribution of Xj under the actions 𝑃𝑥𝑖(𝑥𝑗) for all values xi of Xi and test 

whether that distribution is sensitive to xi [102]. Only variables that are descendants of Xi 

in the causal network can be influenced by Xi. Deleting the factor P(xi|parenti) from the joint 

distribution turns Xi into a root node in the mutilated graph, and root variables (as the d-

separation criterion dictates) are independent of all other variables. This proves causal 

influence in BNs [102]. Once the BN was constructed, we validated the relationships 

between nodes to verify that the proposed BN represents a causal model relating the drivers 

of airport performance, and is not simply an arbitrary representation of probability. 

BNs are probabilistic networks with a number of features that may allow us to identify 

factors affecting delay and congestion, and to interpret their effects [80], [82], [83], [299]: 

• The graphical-based language is a powerful tool for expressing causal 

interactions while at the same time illustrating dependence and independence 

relations between entities of a problem domain. As it is graphical and compact, 

the language also provides an excellent intuitive means of communicating ideas 

among knowledge engineers and subject-matter experts. 

• Probabilistic networks are “white boxes” in the sense that the components of the 

model components (variables, links, probability and utility parameters) are open 

to interpretation, which makes it possible to perform a whole range of different 

analyses of the networks (e.g., conflict analysis, (in)dependence analyses, 

sensitivity analysis, and value of information analysis). 

Causality plays an important role in the process of constructing probabilistic network 

models [83]. There are a number of reasons why proper modelling of causal relations is 

important or helpful, although, in a BN model, it is not strictly necessary to have the directed 

links of the model follow a causal interpretation [80]. In models with explicit representation 

of decisions (influence diagrams), the directed links into chance variables must represent 

causal relations [81]. A variable X is said to be a direct cause of Y if setting the value of X by 

force, the value of Y may change and there is no other variable Z that is a direct cause of Y 

such that X is a direct cause of Z; see Pearl’s work for details [92], [102], [306]. As an 

example, consider the variables Flu and Fever. Common sense tells us that flu is a cause of 

fever, not the other way around. This fact can be verified from the thought experiment of 

forcefully setting the states of Flu and Fever: Killing fever with an aspirin or by taking a cold 
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shower will have no effect on the state of Flu, whereas eliminating a flu would make the 

body temperature go back to normal (assuming flu is the only effective cause of fever). To 

correctly represent the dependence and independence relations that exist among a set of 

variables of a problem domain, it is useful to have the causal relations among the variables 

represented in terms of directed links from causes to effects [96]. That is, if X is a direct 

cause of Y , we should make sure to add a directed link from X to Y . If done the other way 

around (i.e., Y → X), we may end up with a model that does not properly represent the 

dependence and independence relations of the problem domain [80], [82]. Then, it is 

perfectly acceptable to call a BN a causal network as long as the term causal is only meant 

to indicate that a human expert, who ‘‘manually’’ constructed the network, did so by starting 

from a causal model of the domain under consideration. In this case the knowledge of the 

human expert about the causal relations in the modelled domain ensures that the BN 

represents not only statistical (in)dependences, but also causal influences [307]. 

A BN can be constructed either manually, based on knowledge and experience acquired 

from previous studies and literature, or automatically from data [80]. The proposed 

construction process for the BN is depicted in Figure 6-3. 

 

Figure 6-3. BN construction process. 

In this study, the selection of variables (Table 6-1) is constrained by the availability of 

data. We use the elements (timestamps, meteorological features, aircraft and airline data, 

flight details, operational characteristics and airport configuration) that have been analysed 

and modelled throughout the study. The variables which could have been used in the study 

if data were available include: (a) information regarding aircraft, e.g., weights and 

procedures (speed and separation of aircraft at different points); (b) operational data 

(runway occupancy time, on-ground taxi routes, parking stand and gate); and (c) air traffic 

controllers’ workload. Specifically, as we already have ASMA transit times and taxi-in times, 

runway occupancy times would allow us to rebuild the complete arrival time sequence. All 

these data will be included in future works.  

The first step in the BN construction process is to generate the correlation matrix for the 

variables involved, in order to assess the correlation among pairs (regression analysis). 

Nevertheless, correlation does not imply causation [102]. Although in a BN model it is not 

strictly necessary to have the directed links of the model following a causal interpretation, 

it just makes the model much more intuitive, eases the process of getting the dependence 

and independence relations right, and significantly facilities the process of eliciting the 

conditional probabilities of the model [80]. Therefore, proper modelling of causal relations 

(i.e. the directed links represent causal relations) is helpful for the model construction. For 

our purpose, causality is understood as follows: a variable X is said to be a direct cause of Y 
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if setting the value of X by force, the value of Y may change and there is no other variable Z 

that is a direct cause of Y such that X is a direct cause of Z; see Pearl’s work for details [102]. 

Subsequently, a data-driven process is employed to build the BN, applying a Bayesian 

Search (BS) algorithm [80], [308]. This algorithm essentially follows a hill climbing 

procedure (guided by a scoring heuristic) with random restarts. It is proven to be highly 

effective in inter-causal propagation problems like the one we are facing [95], [309]. The BS 

algorithm uses the BDeu (Bayesian-Dirichlet equivalent uniform) function as the network 

scoring function in its search for the optimal graph. This scoring function is a common tool 

for selecting between different statistical models and it represents the goodness of fit of the 

model to observed data [310]. 

Discretisation of variables is based on the statistical characterisation previously 

developed. It is a crucial step to improve the model’s accuracy, especially with “time” nodes 

(e. g., when a node represents delay at a process, discretisation must ensure we neither lose 

information nor consider an excess of states). 

The final step consists on validating the network structure with the judgment of key 

experts in the field (detailed in Table 4-1). The final architecture presented in Figure 6-4 is 

hence determined by applying the BS algorithm (including variable discretisation and 

validation) and then refining it with previous knowledge (inputs from the subject experts). 

Nodes in Figure 6-4 refer to Table 6-1. Therefore, our model is built through a combination 

of a data-driven process and practical adjustments, in order to obtain a model reflecting 

reality. We develop a statistical significance test on pairs of nodes connected by an arc in 

the BN: associations between the nodes are statistically significant at level 0.02 (p-value). 

Table 6-1. List of variables represented in the causal model (nodes at the BN). 

Node 
number 

Meaning 
Node 

number 
Meaning 

1 Visibility 26 
Arrival time - associated to ALDT 
(morning/afternoon/evening/night) 

2 Wind direction 27 
Departure time - associated to ATOT 
(morning/afternoon/evening/night) 

3 Wind intensity 28 Arrival delay for the operation 

4 Temperature 29 Scheduled taxi-in time 

5 Amount of clouds 30 Actual taxi-in time (AIBT-ALDT) 

6 Type of clouds 31 Taxi-in delay for the operation 

7 Aircraft queuing (ASMA 6o NM) 32 
Scheduled turnaround time (SOBT-
SIBT) 
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Node 
number 

Meaning 
Node 

number 
Meaning 

8 
Throughput (aircraft landed) in 
the previous hour, when aircraft 
reaches ASMA 60 NM 

33 Actual turnaround time (AOBT-AIBT) 

9 Aircraft queuing (ASMA 4o NM) 34 
Actual “pure” turnaround time 
(without considering ATFCM delay) 

10 
Throughput (aircraft landed) in 
the previous hour, when aircraft 
reaches ASMA 40 NM 

35 Turnaround delay for the operation 

36 
“Pure” turnaround delay for the 
operation 

11 Additional ASMA time (60 NM) 37 System delay for the operation 

12 Additional ASMA time (40 NM) 38 
Existence of ATFCM regulation for 
this flight 

13 Number of holding patterns 39 ATFCM delay for the operation 

14 E-TMA transit time 40 Scheduled taxi-out time 

15 
Arrival configuration 
(north/south) 

41 Actual taxi-out time (ATOT-AOBT) 

16 Arrival runway 42 Taxi-out delay for the operation 

17 
Departure configuration 
(north/south) 

43 Departure delay for the operation 

18 Departure runway 44 
Existence of delay according to the 
IATA coding system [32] 

19 

Terminal area 
(T1/T2/T3/T4/T4S/cargo 
area/general aviation area) - 
associated to stand location 
(ramp) 

45 
Air Traffic Management related 
codes [32] 

20 
Type of airline operator (Low 
Cost/Network/Cargo/General 
Aviation) 

46 Aircraft related delay codes [32] 

21 
Aircraft size (narrow body/wide 
body) 

47 Airline related delay codes [32] 

22 
Wake-turbulence category 
(SH/H/M/L) [248] 

48 Airport related delay codes [32] 

23 Handling agent 49 Meteorology related delay codes [32] 

24 
Route origin 
(domestic/European/long-haul) 

50 Other delay codes [32] 
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Node 
number 

Meaning 
Node 

number 
Meaning 

25 
Route destination 
(domestic/European/long-haul) 

51 
System’s state in terms of time-
efficiency (saturation phase), see 
Figure 5-3. 

 

Figure 6-4. BN model to understand the interdependencies between factors that influence delay 
performance and system saturation (*). BN represented using GeNIe [308]. 

(*) The thickness of an arc represents the strength of influence between two directly connected 
nodes. We use two measures of distance between distributions to validate results: Euclidean and 

Hellinger [311]. 

Due to the conditional dependence relationships of the variables within the network, 

BNs offer the ability to either predict or diagnose (i.e. they can determine effects and 

causes). Therefore, two main scenarios reflect the utility of the model in uncertainty 

management: 

• Scenario 1 (forward/inter-causal scenario). The model predicts departure delay 

(output-child node) by setting the probability of having certain configuration, i.e. 

by setting one or more parent-input nodes. 

• Scenario 2 (backward inference). The model delivers a particular configuration 

in the parent nodes by setting the delay node to a target value. It provides 
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understanding on which are the main contributors to delay (if delay is settled to 

a high positive value) or what configuration optimises operations (if delay is 

settled to a negative value). 

Hence, the causal model (BN) can be used as a decision-making tool for resource 

allocation and for optimisation of operational strategies regarding delay management. 

Nevertheless, it is not always possible to act on all the parameters (e.g. runway 

configuration is set by wind direction) or combine all the variables (e.g. terminal areas are 

assigned to specific airline alliances); i.e., some elements of the model are influence 

variables and not control variables. To illustrate the quantitative results obtained for 

scenario 1 and 2 at the BN model, two examples are presented below: 

Scenario 1 (forward/inter-causal scenario). If we assign probabilities to particular 

events/states at several control nodes (e.g. route origin, terminal area, arrival runway, 

aircraft type and time frame for ALDT), the BN model infers the probability associated to 

each of the states of the node “departure delay” (Figure 6-5). Hence, the node “departure 

delay” presents the discrete Probability Distribution shown in Figure 6-5, when the 

probability of having an international flight at T4, arriving from runway 18L, operating a 

WB aircraft and landing in the morning is equal to one. Note that the node “departure delay” 

is discretised in the following states: less than -15 min, between -15 min and -3 min, 

between -3 min and 3 min, between 3 min and 15 min, and more than 15 min. For some 

“target” nodes (e.g. departure delay), the discretisation is made not only attending to the 

actual data distribution but also to potential operational objectives (e.g. the ±3 minutes 

threshold for punctuality set by SESAR’s performance metrics [312] and the 15 minutes 

threshold for defining delay that has historically been common to both Europe and the US 

[116], [201], [202]). 

 

Figure 6-5. Example of forward inference at the BN model. 

Scenario 2 (backward inference). If we establish the following probabilities in the target 

node “departure delay” (Figure 6-6): 25% for a delay below -15 min, 25% for a delay 

between -15 and -3 min and 50% for a delay between -3 and 3 min (i.e., 100% of having a 

departure delay below 3 min), we obtain the most probable states for the different parent 

nodes (e.g., route origin, terminal area, arrival runway, aircraft type and time frame for 

ALDT). In this case, the intervals with the highest probabilities are: 47% national (route 
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origin), 78% T4 (terminal area), 83% 18R (arrival runway), 72% Wide Body (aircraft type) 

and 37% evening (13:00-20:00) (time frame for ALDT) (Figure 6-6). 

 

Figure 6-6. Example of backward inference at the BN model. 

A sub-sample of 90% of the observations is selected to train/build the model structure 

(i.e. establish the model’s ability to explain delay propagation). The remaining 10% of the 

data is set aside to test the accuracy of the predictions made by the model (i.e. test the 

model’s predictive capacity). The training and test sub-samples are randomly selected from 

the complete dataset. 

Specifically, we perform a k-fold cross-validation procedure for the BN results [79]. The 

original sample is partitioned into k equal sized subsamples. Of the k subsamples, a single 

subsample is retained as the validation data for testing the model, and the remaining k − 1 

subsamples are used as training data. The training and test subsamples are randomly 

selected from the complete dataset. We set k=10; hence, a sub-sample of 90% of the 

observations is selected to train/build the model structure (i.e. establish the model’s ability 

to explain delay propagation). The remaining 10% of the data is set aside to test the 

accuracy of the predictions made by the model (i.e. test the model’s predictive capacity). 

The cross-validation process is then repeated k times (the folds), with each of the k 

subsamples used exactly once as the validation data. 

Figure 6-7 shows the receiver operating characteristic curves (ROCs), which illustrate 

the model diagnostic ability by plotting the true positive rate (TPR) against the false positive 

rate (FPR) at various threshold settings [79], [308]. The best possible prediction method 

would yield a point in the upper left corner [coordinate (0,1)] of the ROC space, representing 

100% sensitivity (no false negatives) and 100% specificity (no false positives). Points above 

the diagonal line represent good classification results (better than random). The TPR is also 

known as sensitivity, recall or probability of detection in machine learning [79], [308], 

[313]. The FPR is also known as the fall-out or probability of false alarm. and can be 

calculated as (1 − specificity) [79], [308], [313]. ROCs can also be thought of as a plot of the 

power as a function of the Type I Error (also known as a "false positive" finding or 

conclusion) of the decision rule (when the performance is calculated from just a sample of 

the population, it can be thought of as estimators of these quantities) [313]. The ROC curve 

is thus the sensitivity as a function of fall-out. 
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(a) 

 
(b) 

Figure 6-7. ROC curves for predicting: (a) departure delays between 3 and 15 minutes and (b) 
departure delays over 15 minutes. 

The appraised scenarios provide promising results regarding the model’s ability to 

manage uncertainty (by explaining the system’s performance and predicting delay 

propagation). The test error ranges between 6% and 17%, with an average value of 10%. 

The highest test error appears in cases with extreme values for delays and uncertainty 

sources, where there are less observations and the sample size is limited. This suggests that 

maybe over-sampling (i.e. deliberate selection of individuals of a rare type for the training 

set), instead of random sampling, could be a good methodological improvement in future 

works. Moreover, the BN model is based on a probabilistic technique: the different nodes 

are discretised into different states/intervals, which present different associated 

probabilities. When comparing the actual data and the prediction provided by the BN model, 

there is an inherent “error” due to the size of the intervals. To adopt a conservative 

approach, we consider the difference between the actual observation and the furthest limit 

of the range. Regarding the predictive ability (forward scenario) of the causal model (BN), 

Figure 6-8 shows a comparison of real data and BN predicted output for the variable 

“departure delay”. For the real data histogram, we use a Kernel density estimation approach 

to obtain a nonparametric representation of the probability density function of the variable 

[264]. The errors for departure delay estimations have an average value of 10%. 

  

Figure 6-8. Histograms for departure delay: (a) actual data; (b) BN predictions. 
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The model allows us to obtain valuable conclusions regarding delay and time-saturation 

patterns (propagation dynamics, precursors and characteristics). Some of the lessons 

learned include information about: 

• Main delay triggers and their quantitative influence; e.g. high amount of arrivals 

at early hours of the day, congestion at ASMA and E-TMA, bad weather 

conditions, tight scheduled duration of processes, LCCs operating domestic 

flights, changes in runway configuration, departure rates approaching runway 

capacity limit, and existence of external delay causes (traffic flow restrictions, 

aircraft technical problems, crew schedule adherence requisites). 

• Ability of processes to compress themselves and achieve punctuality (potential for 

recovery); e.g. overall turnaround delay decreases at a higher rate when the 

airport throughput is below the threshold of 20 operations/hour, taxiing 

processes reduce their delay at certain runway configurations, longer scheduled 

turnarounds at midday and late evening act as time-efficiency “protectors” for 

the system, unconstrained duration of airspace processes reaches a limit when 

the airport is operating near its declared capacity, and certain airlines are 

especially active in recovering arrival delay on the ground (reducing processes’ 

time). 

The quantitative influence of the different delay triggers can be assessed by defining 

thresholds in the values of those variables that cause a significant increase in the probability 

of having delay. For example, main departure delay precursors are: east wind (coming from 

the east and blowing toward the west) with an intensity over 15 kt, ASMA 60 NM additional 

time longer than 10 min, number of holdings above two, number of arriving aircraft 

(throughput for 40 NM and 60 NM over 40 aircraft), tight scheduled duration of processes 

(turnaround and taxi allocated times below the average for each operation type), departure 

rates reaching values above 80% of the runway capacity limit, and time frame (two main 

peaks at early morning and late evening departure operations). When we have these 

operational conditions, the probability of having a departure delay over 15 min is higher 

than 60%. Also, low visibility conditions, LCCs operating a domestic or intra-European 

flight, south configuration (particularly departures from runway 14L) and aircraft 

belonging to a Medium wake turbulence category are drivers for departure delay. Figure 

6-9 illustrates the impact of congestion at 60 NM (landing rate in the previous hour when 

the aircraft reaches this point) on departure delay for the aircraft’s following leg. The node 

“congestion at 60 NM” (node 8 in Figure 6-4) is discretised into five states (less than 10 

aircraft, 10-20, 20-30, 30-40 and more than 40). With a forward analysis at the BN, when 

we assign a probability equal to one to these states, the model infers different probabilities 

for the diverse states of the node “departure delay” (node 43 in Figure 6-4). For instance, 

when congestion at 60 NM is higher than 40 aircraft, there is a 32% probability of having a 

departure delay between 3 min and 15 min, and a 37% probability of obtaining more than 

15 min of departure delay. Therefore, values over 40 aircraft for congestion at 60 NM are 

precursors for delayed departures. 
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Figure 6-9. Impact of ASMA 60 NM congestion on departure delay. 

Moreover, time for recovery can be appraised with the delay evolution index (kij) and the 

taxonomy of the system’s state: after a severe saturation situation (continuous delays of 

more than 30 min), the system requires 120 min on average to recover time-efficiency and 

sustained punctuality. For each cluster (airline, aircraft, route, time of the day), saturation 

of scheduled time buffers occurs at a given arrival delay intensity, resulting in departure 

delay increasing with arrival delay. 

The causal model (BN) allows us to set different target levels of time-efficiency and 

derive conclusions concerning the airport operation; e.g., by establishing different tolerable 

values regarding departure delay, we can discover issues related to operational strategies. 

Table 6-2 shows an example of backward inference at the BN model: for each departure 

delay state, it illustrates the most probable states (and their associated probabilities) 

regarding different variables. The node “departure delay” (node 43 in Figure 6-4) is 

discretised into five states (less than -15 min, -15 to -3 min, -3 to 3 min, 3 to 15 min and 

more than 15 min). The 15 minutes threshold for defining delay has historically been 

common to both Europe and the US [116], [201], [202] and the ±3 minutes threshold for 

punctuality is set by SESAR’s performance metrics [312]. 

Table 6-2. Most probable states (and its associated probabilities) for different influence factors, when 
setting targets of operational time-efficiency. 
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Departure 

delay (min) 

Departure 

configuration & 

departure 

runway 

Terminal 

area 

Aircraft 

type (NB-

WB) 

Departure time 

frame (ALDT) 

Route destination 

& operator type 

-15≤d<-3 
North (75%), 36R 

(38%) 
T4 (41%) NB (83%) 

Evening (13-20 

UTC) (39%) 

European (70%), 

NCs (68%) 

-3≤d<3 
North (70%), 36R 

(35%) 
T4 (41%) NB (80%) 

Evening (13-20 

UTC) (41%) 

Domestic (39%), 

NCs (69%) 

3≤d<15 
North (69%), 36R 

(37%) 

T123 

(43%) 
NB (85%) 

Morning (6-11 

UTC) (39%) 

European (49%), 

NCs (69%) 

15≤d 
North (65%), 36R 

(39%) 

T123 

(42%) 
NB (80%) 

Morning (6-11 

UTC) (38%) 

European (51%), 

NCs (70%) 

BNs have proven to be an excellent method to face the airport operational saturation 

problem for different reasons: (a) their construction allows combination between data and 

expert knowledge/judgment; (b) inference can be performed efficiently in models with a 

large amount of variables; (c) they develop a probabilistic approach to manage uncertainty 

and assess decision making, which is consistent with the treatment of stochastic processes; 

(d) they allow cross-inference (several control variables) for deriving conclusions under 

uncertainty, where multiple sources of information and complex interaction patterns are 

involved; and (e) they are “white boxes”, in the sense that the model components (variables, 

links, probability and utility parameters) are open to interpretation, which makes it possible 

to perform a whole range of different analyses of the network (e.g., causal interactions, 

conflict analysis, (in)dependence analyses, sensitivity analysis, and value of information 

analysis). 

BN are graphical probabilistic networks that can be constructed in different ways. The 

fundamental step is devoted to determining the network structure (i.e., the connections 

between nodes). This step is known as structure learning. Several candidate networks could 

be created using a variety of commonly used structure learning algorithms. Apart from the 

scoring metric that represents the goodness of fit of the model to observed data, network 

candidates are also judged based on several criteria, including network structure simplicity 

(with simpler networks preferred) and the ease with which the network could be 

implemented in simulations of airport arrival operations. Basically, we reach a trade-off 

between simplicity (minimum number of nodes required to perform accurate predictions) 

and the inclusion of all the significant nodes (to be able to appraise their influence). We seek 

to balance the different judging criteria outlined above. As a way to highlight this range of 

possibilities we now present another BN model, that constructed using the same data and 

methodology (data-driven approach completed with expert knowledge), but following a 

dependency-layered ontology [314]–[316]. Ontologies have emerged as a means of 

providing a structured representation of knowledge which can range from generic real 
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world to strictly domain-specific18. The purpose of employing an ontological representation 

is to capture concepts in a given domain in order to provide a shared common 

understanding of this domain, enabling interoperability and knowledge reuse but also 

machine-readability and reasoning about information through inferencing [316]. We 

consider a BN model using a network topology with several layers, related to similar areas 

or ontologies (a set of concepts and categories in a subject area or domain that shows their 

properties and the relations between them). 

The final layered architecture presented in Figure 6-10 is hence determined by grouping 

variables with common characteristics. Apart from the data-driven process, attributes are 

classified using domain knowledge and applying an ontological approach which considers 

concepts and relations Nodes in Figure 6-10 refer to Table 6-3. We develop a statistical 

significance test on pairs of nodes connected by an arc in the BN: associations between the 

nodes are statistically significant at level 0.02 (p-value). The test error when predicting 

system performance (delays) ranges between 6% and 17%, with an average value of 10%. 

Table 6-3. List of variables represented in the layered causal model (nodes at the BN). 

Node 
number 

Meaning 
Node 

number 
Meaning 

1 Amount of clouds 26 

Terminal area 
(T1/T2/T3/T4/T4S/cargo 

area/general aviation area) - 
associated to stand location (ramp) 

2 Type of clouds 27 
Scheduled turnaround time (SOBT-

SIBT) 

3 Visibility 28 
Actual turnaround time (AOBT-

AIBT) 

4 Wind direction 29 
Actual “pure” turnaround time 

(without considering ATFCM delay) 

5 Wind intensity 30 Turnaround delay for the operation 

6 Aircraft queuing at ASMA 60 NM 31 
“Pure” turnaround delay for the 

operation 

7 
Throughput (aircraft landed) in the 

previous hour, when aircraft 
reaches ASMA 60 NM 

32 System delay for the operation 

8 Additional ASMA time (60 NM) 33 
Existence of ATFCM regulation for 

this flight 

9 Aircraft queuing at ASMA 40 NM 34 ATFCM delay for the operation 

                                                            

 

18 Bayesian Networks are probabilistic structured representations of domains which are applied to 
monitoring and manipulating cause and effects for modelled systems. In this sense, ontologies are also a 
structured representation of knowledge, encoding facts and rules about a given domain. 
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Node 
number 

Meaning 
Node 

number 
Meaning 

10 
Throughput (aircraft landed) in the 

previous hour, when aircraft 
reaches ASMA 40 NM 

35 Scheduled taxi-out time 

11 Additional ASMA time (40 NM) 36 Actual taxi-out time (ATOT-AOBT) 

12 Amount of holding patterns 37 Taxi-out delay for the operation 

13 E-TMA arrival transit time 38 
Departure configuration 

(north/south) 

14 Arrival configuration (north/south) 39 Departure runway 

15 Arrival runway 40 
Route destination 

(domestic/European/long-haul) 

16 
Route origin 

(domestic/European/long-haul) 
41 

Departure time - associated to ATOT 
(morning/afternoon/evening/night) 

17 
Arrival time - associated to ALDT 

(morning/afternoon/evening/night) 
42 Departure delay for the operation 

18 Arrival delay for the operation 43 
Existence of delay according to the 

IATA coding system [32] 

19 Scheduled taxi-in time 44 
Air Traffic Management related 

codes [32] 

20 Actual taxi-in time (AIBT-ALDT) 45 Aircraft related delay codes [32] 

21 Taxi-in delay for the operation 46 Airline related delay codes [32] 

22 
Type of airline operator (Low 
Cost/Network/Cargo/General 

Aviation) 
47 Airport related delay codes [32] 

23 
Aircraft size (narrow body/wide 

body) 
48 

Meteorology related delay codes 
[32] 

24 Wake-turbulence category (H/M/L) 
49 Other delay codes [32] 

25 Handling agent 

The BN structure is represented in Figure 6-10 using the tool GeNIe [308]. The thickness 

of an arc represents the strength of influence between two directly connected nodes. We 

use two measures of distance between distributions to validate results: Euclidean and 

Hellinger [311]. The BN is organised in different layers attending to the nature of the data 

(see Table 6-3 and colours in Figure 6-10 identifying set of factors). This classification 

allows us to understand the causal relationships among influence parameters. The aim is to 

organise the analysis of the impact for each category when assessing causality and 

managing uncertainty. 

• Nodes 1-5 represent meteorological conditions. 

• Nodes 6-13 include data regarding the arrival airspace: timestamps and 

congestion metrics (throughput, queues and holdings). 

• Nodes 14-15, 26 and 38-39 illustrate infrastructure information. 

• Nodes 16, 22-25 and 40 refer to operator, aircraft, route and flight data. 

• Nodes 17-21, 27-37 and 41-42 include data regarding airside operational times 

and regulations. 
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• Nodes 43-49 represent delay causes according to the IATA coding system [32]. 

 

Figure 6-10. Layered BN model to understand the interdependencies between factors that influence 
delay performance and system saturation. Colours represent different BN layers. 

As explained before, the arcs in the BN represent the dependencies that are hold between 

variables (nodes), and allows us to evaluate the probability of a variable being “triggered” 

(exceed a pre-defined value) when another parameter/node is above a given threshold. 

Therefore, the quantitative influence of the different uncertainty sources can be assessed 

by defining thresholds in the values of those variables that could cause a significant increase 

in the probability of having operational disruptions. Table 6-4 illustrates main departure 

delay precursors for each BN layer and their associated thresholds: when these conditions 

are reached, the probability of having a departure delay above 15 min is higher than 60%. 

Table 6-4. Most influential factors (and its thresholds) for departure delay propagation. 

BN layer 
Most 

influential 
factor 

Threshold for reaching a probability of having departure 
delay > 15 min above 60% 

Meteorology 

East wind 
(coming from 

the east and 
blowing 

toward the 
west) 

An intensity over 15 kt 
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BN layer 
Most 

influential 
factor 

Threshold for reaching a probability of having departure 
delay > 15 min above 60% 

Airspace 

ASMA 60 NM 
additional time 

and holding 
patterns 

Above 10 min for ASMA 60NM additional time and more than 
2 holding patterns 

Infrastructure 
South runway 
configuration 

Combination of south runway configuration, terminal area 
T123 and 14L departing runway 

Operator, 
aircraft type 

and route 
LCCs operating a domestic or intra-European flight, with NB aircraft 

Airside 

Tight 
scheduled 
duration of 
processes 

Turnaround and taxi allocated times below the average for 
each operation type 

IATA delay 
codes 

Reactionary Probability of an inherited reactionary delay above 50% 

6.2.1 Concluding remarks 

This section illustrates the outcomes that arise from the previous models: (1) the 

operational framework for the ATV stage (including the statistical characterisation of 

processes and uncertainty drivers); and (2) the causal model for uncertainty management 

(BN). These tools allow us to understand the hidden dynamics at the airspace/airside 

integrated operations for the case study. Figure 6-11 depicts the linkage between the 

methodological approaches of the previous sections (Sections 4-6) and the results of the 

analysis. 

 

Figure 6-11. Linkage between the different methodological steps. 
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The initial part of our research develops a functional analysis of the operations that 

represent the aircraft flow through the airport (airside)-airspace system. In this analysis, 

we use a dynamic spatial boundary associated with the E-TMA concept, so that a linkage 

between inbound and outbound flights can be proposed and also airport and air traffic 

operations can be integrated. The aircraft flow is characterised by several temporal 

milestones related to the A-CDM method and structured by a hierarchical task analysis, 

providing a Business Process Model (BPM) for the rotation stage. 

The application of the methodology to a case study of 34,000 turnarounds (registered at 

the peak traffic months of 2016) at Madrid Airport showed that arrival delay increases and 

accumulates its impact over the day, due to network effects. But local and departure delay 

do not follow this pattern, which implies that the airport-airspace system is somehow 

capable of absorbing a fraction of the arrival delay across the rotation stage. We analyse this 

aptitude by studying and characterizing the different processes that were previously 

identified with the BPM and the milestone approach. This evaluation of the system’s level 

of saturation is completed by the proposal of a phase map and a taxonomy regarding delay 

absorption, and the definition of different indexes and performance indicators. 

Finally, the relationships between the factors that influence the aircraft flow are 

evaluated to create a probabilistic graphical model, using a Bayesian Network approach. 

This model predicts outbound delays given the probability of having different values at the 

causal control variables. Moreover, by setting a target to the output delay, the model 

provides the optimal configuration for the input nodes. Consequently, the model predicts 

and diagnoses delay propagation and system saturation, as a way to help inform policy 

makers and operators on appropriate measures for prevention and response. 

Different lessons can be learned regarding delay propagation, time saturation and 

system recovery (where to act). Main potential drivers for delay include time of the day, 

congestion at ASMA, weather conditions, amount of arrival delay, scheduled duration of 

processes, runway configuration, airline business model, handling agent, aircraft type, route 

origin/destination and existence of ATFCM regulations. Events with longer duration 

(arrival and turnaround processes) are the ones that contribute the most to departure 

delay, but also those where more possibilities for recovery exist. In that sense, the model 

also informs us about how sensitive the different processes are to changes in arrival delay 

(arrival delay elasticity of processes). 

The proposed methodology has several applications: 

• Achieve a comprehensive understanding of operations at the E-TMA (ATV stage 

- airspace/airside integration) and relationships between variables. 

• Investigate the impact of changes in tactical decisions and policies on the 

management and propagation of delays (“what-if” scenarios). 

• The propagation model and the proposed taxonomy/indicators may be used to 

confirm that all agents collaborate in reducing delays, ensuring some target 

levels of efficiency are met. 
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• Using “forward” analysis it is possible to estimate the final departure delay and 

the system’s potential saturation, which can be use in the settlement of optimal 

turnaround and buffer times (sensitivity analysis). 

• Using “backward” analysis it is possible to identify the main contributors 

(causes) to a final delay. This can be used to locate inefficiencies, diagnose 

irregular operations and define actions (allocate resources) that may correct the 

identified disruptions. 

These applications address several challenges at the airport/airline industry: enhance 

system efficiency, improve robustness in the presence of operational uncertainties, ease 

resource allocation with multiple stakeholders and develop a decision-support tool that 

account for delay dynamics and behaviour. 

Future work will be focused on improving the accuracy and reliability of the model (more 

complete testing data and methodological improvements), and on comparing the results 

when the methodology is applied to other airports (generalise the case study). We also need 

to analyse potential response strategies/measures (reduce delays, mitigate inefficiencies 

and optimise operations), and apply the propagation model to other types of incidents (not 

just delays). 

6.3 Reliability analysis 

Airports play a prominent role in supporting connectivity, facilitating air cargo, 

promoting regional accessibility and also driving the economies of the areas they serve [17], 

[317]. Failures of critical systems at airports can significantly impact aircraft operations and 

cause substantial safety risks [318]. Moreover, airports are inter-modal transportation 

infrastructures that act as nodes in the air transport network [12]. Thus, failures or 

degradation of airport operations may easily propagate through the network and generate 

system-level effects [31]. Therefore, understanding airport operational dynamics, while 

measuring its performance, is one key to successful and efficient management of transport 

systems [312]. As airport dynamics depend on various and heterogeneous factors, a holistic 

view that considers different key performance areas is then essential [319]. 

The analysis of the operational dynamics for major transport infrastructures is closely 

related to reliability appraisal, since it provides an assessment of the progress of the system 

operation [188]. In traditional system reliability evaluation, both the system and its 

components are considered binary elements, which work in two working levels: perfect 

functioning and failure [210]. Airports are complex systems that have different components 

and performance levels, and where we cannot formulate an “all or nothing” type of failure 

criterion. Failure of some of the system elements may lead only to performance degradation, 

and a binary model (100%, 0%) would be a poor representation of the system. In this study, 

we propose a reliability analysis with different performance levels for the system and its 

components, which is known as a multistate system (MSS) approach [209]. 
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An attribute of an air transport network, which is similar to many large complex network 

systems, is that most elements in the network (including airports acting as nodes) are 

subject to stochastic influence (e.g. the operation of an airport is subject to weather 

conditions, which influence the practical runway capacity and some processes). 

Additionally, the components of the system can transit from perfect functioning to degraded 

performance levels during working periods. The combined stochastic and time-varying 

nature of the airport operational system creates a set of “dynamics” that affect the way an 

airport is managed and can complete its tasks [12]. Moreover, since reliability levels of the 

system components change during functioning periods, this variability should be 

considered when performing the reliability assessment. The theory of system dynamics 

provides a framework to capture the dynamic behaviour of complex systems [216]; in air 

transport studies, this methodology has already been applied to airport terminals [217]. 

Probabilistic approaches are common in the risk assessment of complex engineering 

systems, nevertheless it is usually difficult to combine empirical data with expert knowledge 

of the problem [168]. In this study, a novel approach based on Markov processes has been 

used, which merges prior expert knowledge with real data to obtain posterior distributions 

of transition intensities [168], [169]. Adaptive and stochastic methods can be a useful tool 

for solving airport operational problems [170]. 

The time scale for the analysis is related to the tactical phase (the day of operations), as 

the model predicts, monitors and updates the airport operational performance based on the 

current situation. This could be used as an input for continuous performance assessment 

according to real time traffic demand (capacity optimisation and delay management). 

However, the method could also be applied in a pre-tactical phase (to predict future 

performance levels according to foreseen initial operational situations) and the results 

could be further reviewed in a post-operational phase (to measure performance targets or 

evaluate operational processes). 

Regarding the space scale of the analysis, we focus on the Airport Transit View (ATV). 

This concept describes the “visit” of an aircraft to the airport [42] and includes the main 

Collaborative Decision Making milestones [48]. The ATV framework connects inbound-

outbound airborne segments, providing a tool to optimise airport operations and to enable 

a more efficient and cost-effective deployment of operator resources. It integrates airside 

operations (landing, taxiing, turnaround and take-off) and surrounding airspace operations 

(holding, final approach and initial climb) [27], [43], [44]. From an air transportation system 

view, a flight could be seen as a gate-to-gate or an air-to-air process [19]. Whereas the gate-

to-gate is focused on the aircraft trajectory flown, the air-to-air process concentrates on 

airport operations [18]. ATV processes act as major drivers for delays and capacity 

constraints [19], [163], [165]. Therefore, to comply with air traffic management challenges 

over the day of operations, a change to an air-to-air perspective is necessary, with a specific 

attention on integrated airside/airspace operations (coordination of local airport 

management decisions with the surrounding airspace decisions). In Europe, local 

turnaround delays accounted for 35% of all departure delays in 2016, where the average 
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departure delay per flight reached 11.2 min [40]. This demands a sustainable improvement 

of the turnaround performance monitoring and predictability. 

The main aim of this Section is to produce a mechanism to monitor and forecast the 

system’s operational state, as a way to proactively assess the reliability of airports (how the 

system performance evolves, what is the mean time to system degradation or reparation). 

Therefore, by applying a new methodological approach we seek to evaluate airport 

operational dynamics and provide insights on how different factors influence performance. 

Expected direct benefits of the model are better performance due to better predictability 

of airport dynamics and significant resilience benefits through better management of 

forecasted or unexpected operational shortfalls. It also supports the improvement of 

airspace/airside operations, situational awareness and collaborative decision-making 

processes through the integration and monitoring of aircraft flows throughout the ATV 

cycle. 

The previous BN model predicts the system’s state (saturation and delay) given the 

operational situation. From this initial state, a reliability analysis based on Multistate 

Systems (MSSs) theory provides us with the characteristics and evolution over time of the 

system. An MSS is defined as a structure where both the components and the entire system 

are allowed to have an arbitrary number of performance levels [293]. In the binary concept 

of traditional reliability theory, components and systems can only be in two states 

("working" state and "complete failure" state). Nevertheless, in many real situations, 

components and systems can also be in a variety of working (or failure) states. Furthermore, 

some systems can perform their tasks with various levels of efficiency, usually referred to 

as performance rates [211]. Such systems, which have a finite number of performance rates, 

are called MSSs [209], [320], [321]. A system should be considered an MSS in the following 

situations [209]: 

• Any system consisting of different units that have a cumulative effect on the 

performance of the entire system. Furthermore, the performance rate of these 

systems may depend on the availability of its units, as the outputs of the available 

units have variable efficiency. 

• The performance rate of the different elements that compose a system can also 

vary because of their deterioration (fatigue, partial failures) or because of 

variable environmental conditions (with a range from perfect functioning to 

different grades of failure). Element failures can lead to a reduction in the 

performance of the entire system. 

In complex systems with controllable reliability (multistate reliability systems), any 

complete failure does not occur suddenly but is usually a result of the accumulation of a 

sequence of many gradual/partial failures of different types [322]. The difficulty in analysis 

arises from the non-binary nature of the system and its components, and the dependence 

between those multiple states [323]. 
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The airport operational system can be considered an MSS, as the performance rates of 

both the elements and the system itself can range from perfect functioning to complete 

failure. Moreover, partial failures of the elements can lead to complete failure of the system. 

The characteristics of the different elements that comprise an MSS should be known in 

order to analyse the behaviour of the MSS [209], [211], [294]. Any system element i can have 

ki different states corresponding to the performance rates (gi), represented by the set: 

𝑔i = {𝑔𝑖1, 𝑔𝑖2, … , 𝑔𝑖𝑘𝑗
} (2) 

where gij is the performance rate of element i in the state j, with j ∈ {1,2, ... , kj}. 

The performance rate of an element i at an instant t≥0, (Gi(t)) is a random variable that 

takes its values from the sets of possible states (gi): Gi(t) ∈ gi. Therefore, for the time interval 

[0, T] (in which T is the MSS period of operation), the performance rate of element i is 

defined as a stochastic process. If the performance of the element cannot be measured by a 

single value, but by a vector, the performance of the element is defined as a vector stochastic 

process. The probabilities associated with the different states (performance rates) of the 

system element i at any instant t can be represented by the set of equations: 

𝑝i(t) = {𝑝𝑖1(𝑡), 𝑝𝑖2(𝑡), … , 𝑝𝑖𝑘𝑗
(𝑡)} (3) 

where: 

𝑝𝑖𝑗(𝑡) = Pr {𝐺𝑖(𝑡) = 𝑔𝑖𝑗} (4) 

Since the states of the element comprise the entire group of mutually exclusive events 

(meaning that the element can always be in one and only one ki state), the following 

condition must be fulfilled: ∑ 𝑝𝑖𝑗(𝑡) = 1
𝑘𝑖
𝑖=1 , for any t of the MSS period of operation (0 ≤ 𝑡 ≤

𝑇). Equation (3) defines the probability function of a discrete random variable Gi(t) at any 

instant t. The set of pairs gij, pij(t), i = 1 …, ki completely determines the probability 

distribution of performance (PD) of the element i at any instant t. The behaviour of binary 

elements (elements with only two states: normal and total failure) can also be represented 

as a specific case of the performance distribution. 

When an MSS is composed of n elements, its performance rate is determined in an 

unambiguous way by the performance levels of the elements that compose the system. At 

each moment, the elements of the system have a performance level that corresponds to their 

current state. The state of the entire system is determined by the states of its elements [324]. 

Therefore, the definition of an MSS model should include the performance stochastic 

processes for each system element i: Gi (t), with i = 1, … , n; and the system structure function 

that produces the stochastic process corresponding to the output performance of the entire 

MSS: G(t) = φ (Gi(t), … , Gn(t)). Figure 6-12 shows an example for an MSS structure, where 

the system is composed of n components. 
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Figure 6-12. Example of MSS structure. 

Due to the random and time-varying nature of airport operations, the MSS system 

reliability model is studied based on a stochastic process approach. Specifically, a stochastic 

process is called a Markov process if the probabilities of the random variable at time t > tn 

depend on the value of the random variable at tn but not on the realisation of the process 

prior to tn; i.e. state probabilities at a future instant, given the present state of the process, 

do not depend on the states occupied in the past. When the system state space, S, is discrete, 

then the Markov process is known as a Markov chain19. For a discrete and countable state 

space, we can assume without loss of generality that S = {0, 1, 2, 3, ...}. If the parameter space, 

T (usually time), is also discrete, T = {0, 1, 2, 3, ...}., then we have a discrete-time Markov 

chain [296]. These conditions are fulfilled in our study, where the parameter space is 

defined by the arrival operations. A Markov chain {X(n), n = 0, 1, 2,...} is described by a 

sequence of random variables X(0) = x0, X(1) = x1, … X(n) = xn, where x0 is the initial state 

[295]. The Markov property is defined as (the probability of an event only depends of the 

previous state of the system): 

𝑝{𝑋𝑛 = 𝑥𝑛 | 𝑋0 = 𝑥0 , 𝑋1 = 𝑥1, … , 𝑋𝑛−1 = 𝑥𝑛−1} = 𝑝{𝑋𝑛 ≤ 𝑥𝑛|𝑋𝑛−1 = 𝑥𝑛−1} (5) 

This equation implies that chain behaviour in the future depends only on its present state 

and does not depend on its behaviour in the past. We designate the probability that at step 

n the chain will be in state j as pj (n). Therefore, 𝑝𝑗(𝑛) = 𝑝{𝑋𝑛 = 𝑗}. We also define the 

probability pij (m, n) that the chain makes a transition to state j at step n, if at step m it was 

in state i. This probability is a conditional probability and we can, therefore, write the 

following: 

                                                            

 

19 Markov chains (MC) are discrete stochastic processes in which the probability of an event only depends 
of the previous state of the system [298]. 
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𝑝𝑖𝑗(𝑚, 𝑛) = Pr{𝑋(𝑛) = 𝑗|𝑋(𝑚) = 𝑖} , 0 ≤ 𝑚 ≤ 𝑛) (6) 

pij (m, n) is known as the transition probability function of the Markov chain [293]. Our 

problem belongs to the theory of homogeneous Markov chains (those in which pij (m, n) 

depends only on difference n-m). If we consider n = 1, the probabilities pij are called one-

step transition probabilities. In our study we have a finite and countable state space S = {0, 

1, 2, ..., M}. Therefore, the one-step transition probabilities can be condensed into a 

transition (one-step) probability matrix P, where: 

P = [𝑝𝑖𝑗] = [ 

𝑝00 𝑝01 ⋯ 𝑝0𝑀

𝑝10 𝑝11 ⋯ 𝑝1𝑀

⋮ ⋮ ⋯ ⋮
𝑝𝑀0 𝑝𝑀1 ⋯ 𝑝𝑀𝑀

] (7) 

For all i,j ∈ S, 0 ≤ pij ≤ 1 and each row in P adds up to 1, then matrix P is a stochastic matrix. 

The probability mass function of the random value X(0) is called the initial probability row-

vector: 

𝑝(0) = [𝑝0(0), 𝑝1(0), … , 𝑝𝑀(0)] (8) 

and represents the initial conditions of a Markov chain. 

Hence, An MC {X(n), n=0,1,2,...} is described by a sequence of random variables X(0) = X0, 

X(1) = X1,… X(n) = Xn, where X0 is the initial state. The probability of transition between 

states Xn−1 = i and Xn = j is given by γi,j. Therefore, an alternative way to represent the 

matrix P that characterises the one-step transition probabilities is [325]: 

P = ( 

𝛾1,1 𝛾1,2 ⋯ 𝛾1,𝑀

𝛾2,1 𝛾2,2 ⋯ 𝛾2,𝑀

⋮ ⋮ ⋯ ⋮
𝛾𝑀,1 𝛾𝑀,2 ⋯ 𝛾𝑀,𝑀

) (9) 

The n-step transition probability matrix is the n-th power of the one-step transition 

probability matrix P(n) = P ∙  P(n − 1) = Pn. Therefore, the probability of the system being 

in a particular state, given n transitions/steps, is defined by the vector 𝜋𝑛
𝑇: 

𝜋𝑛
𝑇 = [𝜋1,𝑛   𝜋2,𝑛    ⋯    𝜋𝑘,𝑛] (10) 

where 𝜋𝑘,𝑛 is the probability of the variable being in state k at step n. The probabilities 

of each step can be calculated iteratively by 𝜋𝑛
𝑇 = 𝜋𝑛−1

𝑇 𝑃. 

The stationary (or limiting) distribution 𝜋 of a system represented by a MC (steady state 

or long-term, 𝑛 → ∞), does not change over time, and thus represents the long-term 

behaviour of the system: 
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𝜋 = 𝜋𝑇 (11) 

𝑇∞ = lim
𝑛→∞

𝑇𝑛 (12) 

An equivalent description of the Markov chain can be given by a directed graph called 

the state-transition diagram of the Markov chain. Figure 6-13 gives a basic example of a two-

state discrete time Markov chain diagram. The one-step transition probability matrix for the 

example is as follows, where p00 + p01 = 1 and p10 + p11 = 1. 

P = [
𝑝00 𝑝01

𝑝10 𝑝11
] = [

1 − 𝑝01 𝑝01

𝑝10 1 − 𝑝10
] (13) 

 

Figure 6-13. Example of two-state discrete-time Markov chain. 

The Markov chain is constructed by all the candidate samples or states. The current state 

depends only on its adjacent states. The steps are often thought of as moments in time, but 

they can refer to any other discrete measurement. Formally, the steps are the integers or 

natural numbers, and the random process is a mapping of these to states. Note that in our 

case, each step is an arrival operation. 

The analysis of the airport operational reliability and its dynamics is applied to a case 

study at Adolfo Suárez Madrid-Barajas Airport (LEMD), as introduced in the scenario 

definition chapter (Section 3.1). The observation period corresponds to 2016, when 

160,460 turnaround operations were registered [246]. For the reliability part of the 

uncertainty management model, we use the entire year (2016) as a timeframe reference. 

The causal model was focussed on the peak months of 2016 (July and August) due to the 

limitation in the availability of data: certain control variables (particularly operational 

timestamps) are only complete for these peak months. However, the variables considered 

in the reliability analysis are recorded for the entire year, which enhances the robustness of 

the model. 

The data preparation phase covered all activities required to assemble the final dataset 

from the initial raw operational and meteorological data provided by the airport, including 

locating and refining erroneous measurements. 156,386 final valid observations were 

appraised. Data include operational timestamps, meteorological features, aircraft and 

airline information, flight and route details and airport configuration. The most 

representative attributes when assessing airport performance were chosen using feature 

selection techniques [249] (see Section 3.2). The objective of the feature selection step is 
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twofold: improving the representativeness and effectiveness of performance attributes and 

providing a better understanding of the underlying relationships between variables. 

Data were used to statistically appraise the system characteristics. Distribution fitting 

has three main objectives: (a) to characterise each attribute and its statistical behaviour; (b) 

to use probability distributions as a tool for dealing with uncertainty when assessing 

performance; and (c) to use probability distributions as inputs for setting the states in the 

MSS model that is developed later. See Figure 6-14 for an example of distribution fitting. 

 

(a) 

 

(b) 

Figure 6-14. Histogram and distribution fitting for (a) In-Block Delay (seconds) and (b) Off-Block 
Delay (seconds). 

The reliability model is trained for data corresponding to airport operations under 

conditions of continuous demand and aircraft queuing. This is when the airport’s 

operational reliability can be evaluated. Otherwise, recovery indicators may be affected by 

the transit time between operations (i.e., changes in the airport operational status may be 

due to high elapsed times between operations that allow improving the overall situation). 

Moreover, when applying the MSS and MC methods, it is necessary to ensure that operations 

are equally spaced in time. Thus, we performed a continuity study of airport operations to 

establish which time intervals are the most appropriate for the analysis 

Table 6-5 illustrates the statistical values for the elapsed time between operations for 

one-hour time frames. During the main operational hours of the airport (i.e., from 5 to 22, 

local time), we can assume that operations are continuous (3 min of mean time between 

operations, with an interquartile range of 1 min), and therefore the theory of MSS and MC 

is applicable. 

Table 6-5. Statistical values (in minutes) for the elapsed time between operations. 

Time 
frame 

Mean Mode Median 
First 

Quartile 
Third 

Quartile 
Interquartile 

range 

0 23,456 34 33 33 33 0 

1 26,699 32 33 31 46 15 

2 20,647 14 13 8 19 11 

3 11,246 3 10 4 26 22 
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Time 
frame 

Mean Mode Median 
First 

Quartile 
Third 

Quartile 
Interquartile 

range 

4 9,076 4 5 3 9 6 

5 4,130 2 1 1 3 2 

6 2,808 2 1 1 2 1 

7 2,512 2 1 0 2 2 

8 1,799 1 0 0 1 1 

9 1,901 1 1 0 1 1 

10 2,606 2 1 1 2 1 

11 2,174 1 1 0 1 1 

12 1,556 1 0 0 1 1 

13 1,956 1 1 0 1 1 

14 3,271 2 1 1 3 2 

15 3,631 2 1 1 3 2 

16 2,415 2 1 0 2 2 

17 2,391 2 1 0 2 2 

18 2,141 2 1 0 1 1 

19 1,912 1 1 0 1 1 

20 2,162 2 1 0 1 1 

21 3,055 2 1 1 2 1 

22 6,771 2 2 1 4 3 

23 17,958 4 7 3 23 20 

The airport reliability model is divided into four blocks (system components): delay, 

capacity, environmental impact and complexity20, which provide a holistic view of airport 

operational performance. A number of variables or elements defines each block21. This sub-

division allows us to perform a specific analysis of each component, so we can get a better 

understanding of the global model. The three levels (airport system, blocks and partial 

elements) have different performance rates (all follow a multistate approach). Therefore, 

the airport is defined as an MSS, which consist in four blocks (system components). Each of 

these blocks is also divided in different variables/elements with changing performance 

rates (Figure 6-15). 

                                                            

 

20 These are key performance areas that represent the airport behaviour in terms of operational efficiency 
[27], [43]. They allow us to appraise and monitor the use of the existing infrastructure (capacity and 
demand management) through a holistic approach. 

21 Usually MSSs are composed of blocks that in their turn can be multistate. Each of these blocks consist 
of basic elements. An element is an entity in a system, which is not further subdivided. This does not imply 
that an element cannot be made of parts, but means only that, in a given reliability study, it is regarded 
as a self-contained unit and is not analysed in terms of the reliability performances of its constituents 
[209]. 
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Figure 6-15. MSS structure for the airport operational behaviour. 

The performance rate of any component of the system can range from complete failure 

up to perfect functioning. The failures that lead to a decrease in the component performance 

rate are called partial failures. After partial failure, components continue operating at 

reduced performance rates, while after complete failure the components are unable to 

perform their tasks [293]. 

The delay block is defined by three parameters: In-Block Delay to represent punctuality 

in arrivals, Off-Block Delay to represent punctuality in departures and Turnaround Excess 

Time to represent punctuality during the airport ground processes (as well as potential Air 

Traffic Flow and Capacity Management -ATFCM- regulations). 

Off-Block Delay is defined as the difference between the Actual Off-Block Time (AOBT) 

and the Scheduled Off-Block Time (SOBT) [125]. In-Block Delay is defined as the difference 

between the Actual In-Block Time (AIBT) and the Scheduled In-Block Time (SIBT) [125]. 

Turnaround Excess Time is defined as the difference between the Actual Turnaround Time 

(AIBT-AOBT) and the Scheduled Turnaround Time (SIBT-SOBT) [125]. These indicators are 

the most transparent measures regarding airport delays and the ones with the most direct 

relevance to operations [312]. Note that delays are defined as schedule delays, therefore it 

may occur that delays are “negative”, meaning early departure/arrival of a flight or process 

completed ahead schedule. “Negative” delays occur when the schedule is running close to 

plans and can cause issues for airport operations; e.g., disrupting the sequencing of flights 

and the allocation of resources (gates, handling equipment), especially during peak hours 

at busy airports [12]. “Positive” flight delays often cause significant problems for all the 

involved stakeholders; e.g., they affect operational and financial performance of airports 

and airlines, schedule adherence and use of resources, passenger experience and 

satisfaction, and system reliability [1], [12]. Schedule delays are common occurrences in 

airline and airport operations, given the multiple agents involved, the stochastic nature of 

operating times, and the unexpected disruptions in tasks [12], [17]. 

The three possible states of the parameters of the delay block elements are illustrated in 

Table 6-6. We define the thresholds between states (performance ranges) for each element 

based on operational targets (e.g. the ±3 min threshold for punctuality set by SESAR’s 
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performance metrics [312] and the 15 min threshold for defining delay that has historically 

been common in Air Traffic Management [116], [201], [202]) or based in expert judgement. 

We interviewed experts from airlines, airport operators, air navigation service providers, 

regulators and ground handlers; each for a period of one or two days each. The interviewed 

explained aspects related to procedures and operational interactions and answered 

questions in semi-structured interviews [326]. The main inputs from experts relate to 

performance rates and thresholds. 

Table 6-6. Performance states and thresholds for the elements of the delay block. 

States of 
blocks 

elements 
In-Block Delay Off-Block Delay 

Turnaround Excess 
Time 

Target 
time 

(state 1) 
−3min < d < 3min −3min < d < 3min −3min < d < 3min 

Correct 
time 

(state 2) 

{
−15min < d < −3min

3min ≤ d < 15min
 {

−15min < d < −3min
3min ≤ d < 15min

 {
−15min < d < −3min

3min ≤ d < 15min
 

Incorrect 
time 

(state 3) 

{
d ≤ −15min
d ≥ 15min

 {
d ≤ −15min
d ≥ 15min

 {
d ≤ −15min
d ≥ 15min

 

The capacity block is defined by four parameters: Throughput ASMA 60 NM, Congestion 

Index 60 NM, Demand/Capacity Balance and Departures/Arrivals Ratio. The spatial 

boundary of this study is enlarged to a wider context than the airport itself, to consider both 

the Arrival Sequencing and Metering Area (ASMA) and potential holding patterns. The 

ASMA is usually defined as a virtual cylinder with a 40 NM radius around the airport, but it 

can be extended to 100 NM in some analyses [42]. For our case study is particularly 

important to consider an ASMA of 60 NM. This is due to the fact that holdings at Adolfo 

Suárez Madrid-Barajas Airport (LEMD) are located beyond a radius of 40 NM, as depicted 

in Figure 6-16Figure 6-16.. 

Throughput ASMA 60 NM is a theoretical hourly rate based on the truncated 20 min 

window prior to the arrival of the aircraft to the ASMA. The (theoretical) maximum airport 

throughput ASMA 60 NM is a determinant of the level of traffic saturation and, thus, the 

threshold at which effects of congestion can be observed [22]. For each aircraft arriving at 

the ASMA 60 NM, the number of aircraft that landed in the previous 20 minutes is counted 

[129]. Congestion Index ASMA 60 NM is the number of arrivals in the queue ahead of the 

current flight, once it enters the ASMA 60 NM. For each flight 𝑓𝑖, a congestion level CL (𝑓𝑖) 

can be determined (count). The congestion level is the number of other landings during the 

time interval: [ASMA 60 NM entry time 𝐸𝑇(𝑓𝑖), actual landing time 𝐴𝐿𝐷𝑇(𝑓𝑖)] and then 

subtracting the flight itself. Thus, for all flights 𝑓 landing in that time interval: 

CL (𝑓𝑖) = 𝑐𝑜𝑢𝑛𝑡(𝑓) − 1 for all flights 𝑓 such that 𝐸𝑇(𝑓𝑖 ) ≤ 𝐴𝐿𝐷𝑇(𝑓) ≤ 𝐴𝐿𝐷𝑇(𝑓𝑖 ) (14) 
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Congestion Index ASMA 60 NM is a metric that reflects the level of congestion for the 

inbound traffic flow. Therefore, these two elements (throughput and congestion index) 

reflect potential problems related to capacity saturation. The Demand/Capacity Balance 

(DCB) is defined as the ratio of aircraft landed in the previous hour to the airport’s practical 

arrival capacity (an operational measure of airport throughput) at this hour (Equation 15). 

This metric is selected to reflect the importance of scarce arrival capacity in the airport 

operational performance [28], [111]. The Departures/Arrivals Ratio (DAR) is calculated by 

confronting the number of departures to the number of arrivals in the previous hour 

(Equation 16), as a measure to understand the airport’s ability to manage aircraft flows 

(ability to “absorb” inbound traffic and “produce” outbound traffic). These two measures 

are dimensionless and can be normalised to appraise the airport’s level of saturation. 

Figure 6-16 shows the two ASMAs, along with the flight plan data and the radar track 

(including a holding pattern) for a flight approaching LEMD. 

 

Figure 6-16. ASMA 40 NM and ASMA 60 NM for LEMD. 

DCB = Aircraft landed 
Airport practical arrival capacity⁄  (15) 

DAR =
Departures 

Arrivals⁄  (16) 

The three possible states for the parameters of the delay block elements are illustrated 

in Table 6-7 (throughput and congestion data have been normalised and range from 0 to 1). 

These thresholds are calculated by analysing the operational data and using expert 

judgement (see Table 4-1). 
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Table 6-7. Performance states and thresholds for the elements of the capacity block. 

States of blocks 
elements 

Throughput and 
Congestion Index 

DCB DAR 

Target situation 
(state 1) 

𝑥 ≤ 0.2 80% < 𝑥 < 100% 0.1 < 𝑥 < 1.1 

Correct situation 

(state 2) 
0.2 > 𝑥 ≥ 0.8 𝑥 ≤ 80% {

0.2 < 𝑥 ≤ 0.1
1.1 ≤ 𝑥 < 2.2

 

Incorrect situation 

(state 3) 
𝑥 > 0.8 𝑥 ≥ 100% 𝑥 < 0.2 𝑜𝑟 𝑥 > 2.2 

The environmental impact block aims to include the metrics that reflect emissions of 

particles and gases (CO2, water vapour, hydrocarbons, carbon monoxide, nitrogen oxides, 

sulphur oxides, lead and black carbon) nearby and within the airport, due to airport 

operations. It can be represented by the extra time invested in aircraft processes related to 

approach and on-ground operations. That is why this block is modelled by the Additional 

Taxi-In Time, the Additional Taxi-Out Time and the Additional ASMA 60 NM Time. 

Additional Taxi-In Time is the difference between the actual taxi-in process time and an 

estimated unimpeded time to perform the taxi-in operation (depending on the aircraft 

parking stand and the runway in use). It collects the inefficiencies in the airport taxiways 

due to traffic congestion or potential incidents. Unimpeded taxi times (flows in the absence 

of any obstacles) can only be as short as the physics of the process allows, but can grow 

large in the event of a slow taxi operation [14]. Similarly, the Additional Taxi-Out Time is 

the difference between the actual taxi-out time and an estimated unimpeded time to 

perform the taxi-out process (aircraft flow from the parking stand to the runway header for 

take-off). The Additional ASMA 60 NM Time is a proxy for the average arrival runway 

queuing time on the inbound traffic flow, during congestion periods at airports. It is the 

difference between the actual ASMA time of a flight and a statistically determined 

unimpeded ASMA time based on ASMA times in periods of low traffic demand. The 

unimpeded ASMA time is the ASMA transit time in non-congested conditions at arrival 

airports. The unimpeded ASMA time is used (as a constant number for each combination of 

aircraft class, ASMA sector and arrival runway) in the calculation of the additional ASMA 

time. The unimpeded ASMA times are calculated for IFR arriving flights, at each airport. 

Mathematically, the actual ASMA transit time per flight is calculated as the difference 

between the entry time at ASMA cylinder and ALDT. The additional ASMA time performance 

indicator is calculated as the difference between the actual transit time, and a previously 

computed transit time reference considered as unimpeded ASMA time. The purpose of the 

additional ASMA time indicator is to provide an approximate measure of the average 

inbound queuing time on the inbound traffic flow, during times that the airport is congested. 

The three possible states for the parameters of the environmental block elements are 

illustrated in Table 6-8. The environment block states and performance thresholds are 

defined in the same way as the delay block states, following operational data and expert 

judgement (see Table 4-1). 



6. Uncertainty management 

134 
 

Table 6-8. Performance states and thresholds for the elements of the environmental block. 

States of 
blocks 

elements 

Additional Taxi-In 
Time 

Additional Taxi-Out 
Time 

Additional ASMA 60 NM 
Time 

Target time 
(state 1) 

−3𝑚𝑖𝑛 < 𝑑 < 3𝑚𝑖𝑛 −3𝑚𝑖𝑛 < 𝑑 < 3𝑚𝑖𝑛 −3𝑚𝑖𝑛 < 𝑑 < 3𝑚𝑖𝑛 

Correct time 

(state 2) 
{
−15𝑚𝑖𝑛 < 𝑑 < −3𝑚𝑖𝑛

3𝑚𝑖𝑛 ≤ 𝑑 < 15𝑚𝑖𝑛
 {

−15𝑚𝑖𝑛 < 𝑑 < −3𝑚𝑖𝑛
3𝑚𝑖𝑛 ≤ 𝑑 < 15𝑚𝑖𝑛

 {
−15𝑚𝑖𝑛 < 𝑑 < −3𝑚𝑖𝑛

3𝑚𝑖𝑛 ≤ 𝑑 < 15𝑚𝑖𝑛
 

Incorrect 
time 

(state 3) 

{
𝑑 ≤ −15𝑚𝑖𝑛
𝑑 ≥ 15𝑚𝑖𝑛

 {
𝑑 ≤ −15𝑚𝑖𝑛
𝑑 ≥ 15𝑚𝑖𝑛

 {
𝑑 ≤ −15𝑚𝑖𝑛
𝑑 ≥ 15𝑚𝑖𝑛

 

Table 6-9 summarises the performance states for the three first elements of the airport 

system. 

Table 6-9. Performance states and thresholds for delay, capacity and environmental impact blocks 
elements. 

States of blocks 
elements 

Elements 

Time elements 
(delays) 

Throughput 
and 

Congestion 
Index 

DCB DAR 

Target state 
(state 1) 

−3𝑚𝑖𝑛 < 𝑑 < 3𝑚𝑖𝑛 𝑥 ≤ 0.2 
0.8 ≤ 𝑥
≤ 1 

0.1 ≤ 𝑥 ≤ 1.1 

Correct state 
(state 2) 

{
−15𝑚𝑖𝑛 < 𝑑 < −3𝑚𝑖𝑛

3𝑚𝑖𝑛 ≤ 𝑑 < 15𝑚𝑖𝑛
 0.2 > 𝑥 ≥ 0.8 𝑥 < 0.8 0.2 ≤ 𝑥 ≤ 2.2 

Incorrect state 
(state 3) 

{
𝑑 ≤ −15𝑚𝑖𝑛
𝑑 ≥ 15𝑚𝑖𝑛

 𝑥 > 0.8 𝑥 > 1 𝑥 < 0.2 𝑜𝑟𝑥 > 2.2 

The complexity block considers unusual operational situations that introduce complexity 

into the system. It is represented by four parameters: Runway Configuration, Holdings, 

Season and Meteorological Conditions. 

Runway Configuration is the layout or design of a runway or runways, where operations 

on the particular runway or runways being used at a given time are mutually dependent 

[17]. The operational preferential configuration at LEMD is called north configuration (wind 

coming from the north). Figure 6-17 shows the wind rose for LEMD during the observation 

period (2016). A wind rose is a graphic tool that gives a succinct view of how wind speed 

and direction are typically distributed at a particular location. Using a polar coordinate 

system of gridding, the frequency of winds over a time period is plotted by wind direction, 

with colour bands showing wind speed ranges. The direction of the longest spoke shows the 

wind direction with the greatest frequency. 
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Figure 6-17. Wind rose for LEMD (2016). Wind speed (Ws) is expressed in knots (kts). 

A Holding pattern is a predetermined manoeuvre which keeps aircraft within a specified 

airspace while awaiting further clearance from air traffic control [327]. Holding patterns 

are flown as a delaying tactic and may represent airspace saturation or complex operational 

situations. Season represents the impact of seasonality and peak traffic periods on airport 

operations. The Meteorological Indicator considers different variables: cloudiness (height 

and quantity), visibility, wind (intensity and direction) and special meteorological 

phenomena (e.g. presence of fog, snow, rain). It ranges from 0 to 7 and it is calculated by 

weighting the impact of weather elements on the operational conditions of the airport 

[328]. Table 6-10 illustrates the states for the complexity block. 

Table 6-10. Performance states and thresholds for the elements of the complexity block. 

States of blocks 
elements 

Runway 
Configuration 

Number of 
Holdings 

Season (as IATA 
calendar) 

Meteorological 
Indicator 

Standard 
operation 

(state 1) 

North h = 0 Winter m < 3 

Complex 
operation 
(state 2) 

South h ≥ 1 Summer m ≥ 3 

Once the blocks were characterised, and the states of the elements were stablished, we 

determined the different performance states for each block. These were defined by the 

amount of component failures that lead to the block failure and settled according to expert 

knowledge. For delay, capacity and environmental impact blocks, the following operational 
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states were considered (Table 6-11): (S1) Optimal (all parameters in correct or optimal 

states); (S2) Correct (only one parameter in an incorrect state); and (S3) Incorrect (two or 

more parameters in incorrect states). For the complexity block we considered two states: 

(S1) Standard (one or less parameters in complex states) and (S2) Complex (two or more 

parameters in complex states). 

Table 6-11. Performance states for the system’s blocks: (a) delay, capacity and environmental impact 
blocks; and (b) complexity. 

States of the 
block 

Delay, capacity and 
environmental impact 

blocks 

S1 (Optimal) 
All parameters in correct 

or optimal states 

S2 (Correct) 
Only one parameter in 

an incorrect state 

S3 
(Incorrect) 

Two or more parameters 
in incorrect states 

(a) 

States of the 
block 

Complexity block 

S1 (Standard) 
One or less parameters 

in complex states 

S2 (Complex) 

Two or more 
parameters in complex 

states 

 

(b) 

Using this definition and classification of states (performance rates), we now perform a 

reliability analysis for the airport system, based on the Markov chain theory previously 

introduced. First, we will study the transition matrices of each of the partial blocks and then 

the transition matrix of the global model. In this way, airport operational dynamics are 

studied both locally (blocks) and globally. Given a particular initial state (operational 

conditions) and the number of steps (arrival operations), the transition matrix allows us to 

locate the airport system (and each of its partial blocks) in the most probable state. 

Table 6-12 shows the transition matrices of the four blocks of the model and their steady 

state vectors (stationary distributions). An “inverse and sequential” Brewer’s colour scale 

is used to improve the visibility of the most frequent transitions [329]. It can be noted the 

good behaviour of the environment impact and capacity blocks (Table 6-12 (b) and (c)): in 

both cases the incorrect state is practically negligible for the stationary distribution (0.12% 

and 0.07% respectively). Additionally, the most likely long-term state for the two blocks is 

the target state (87.72% for the capacity block and 97.62% for the environmental impact 

block). In terms of the evolutionary behaviour of these two blocks, when the capacity block 

is initially in a target or correct state, it tends to remain in the same state at the following 

transition: with a 98.9% probability for the target state and 91.7% for the correct state. 

When the capacity block is in the incorrect state, it is more likely for it to evolve towards the 

correct state (50.5%) than to stay functioning in an incorrect state (48.6%). The capacity 

block then shows a tendency towards the states with a higher performance rate. The 

environmental impact block behaves differently: regardless of the state in which this block 

is located for step n (arrival operation), it is most likely that the block transitions to the 

target state in operation n + 1. These results are an indicator of: (i) a proper time-

management for approach and airside operations (demand management); and (ii) an 
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optimal use of the available capacity of the system: the capacity block was defined both with 

parameters that measure the surrounding airspace saturation (ASMA 60 NM throughput 

and congestion index) and the rates of use for the airport runways (ratio of departures 

against arrivals and balance between demand and capacity). 

Table 6-12. Transition matrices and steady state vectors (stationary distributions) for the system’s 
blocks: (a) delay; (b) capacity; (c) environmental impact blocks; and (b) complexity. 

 

 S1 
(Optimal) 

S2 
(Correct) 

S3 
(Incorrect) 

S1 
(Optimal) 

0,545 0,132 0,323 

S2 
(Correct) 

0,511 0,143 0,347 

S3 
(Incorrect) 

0,485 0,131 0,384 

𝑋𝑑𝑒𝑙𝑎𝑦
∞ = [0.5194, 0.1332, 0.3474] 

 

 S1 
(Optimal) 

S2 
(Correct) 

S3 
(Incorrect) 

S1 
(Optimal) 

0,989 0,011 0,000 

S2 
(Correct) 

0,080 0,917 0,003 

S3 
(Incorrect) 

0,009 0,505 0,486 

𝑋𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
∞ = [0.8772, 0.1221, 0.0007] 

(a) (b) 
 

 S1 
(Optimal) 

S2 
(Correct) 

S3 
(Incorrect) 

S1 
(Optimal) 

0,980 0,019 0,001 

S2 
(Correct) 

0,807 0,184 0,009 

S3 
(Incorrect) 

0,711 0,191 0,098 

𝑋𝑒𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 𝑖𝑚𝑝𝑎𝑐𝑡
∞ = [0.9762, 0.0226, 0.0012] 

 

 S1 (Standard) S2 (Complex) 

S1 (Standard) 0,869 0,131 

S2 (Complex) 0,798 0,202 

𝑋𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦
∞ = [0.8588, 0.1412] 

(c) (d) 

The transition matrix for the delay block (Table 6-12 (a)) presents a more segmented 

behaviour, with a tendency to be located at the target state or the incorrect state (values for 

the stationary distribution are 51.94% and 34.74% respectively). The correct state shows a 

low probability in the long-term (13.32% for the stationary distribution). Furthermore, it is 

unlikely for the delay block to evolve towards this state: there is a probability of 13.2% for 

a transition from the target state to the correct state and a probability of 13.1% for a 

transition from the incorrect state to the correct state. Regarding the complexity block, the 

most usual situation is to find the airport operating in a normal condition (without adverse 

weather or complex operational circumstances). According to the stationary distribution, if 

the system is operating enough time, there is an 85.88% probability to find the complexity 

block in a standard state. Moreover, there is an 86.9% probability that the system remains 

in the standard state if it was previously in that same situation. 

A Markov chain is said to be irreducible if it is possible to get to any state from any state. 

A state i has period k if any return to state i must occur in multiples of k time steps. If k = 1, 

then the state is said to be aperiodic. Otherwise (k > 1), the state is said to be periodic with 

period k. A Markov chain is aperiodic if every state is aperiodic. An irreducible Markov chain 
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only needs one aperiodic state to imply all states are aperiodic. Furthermore, a Markov 

chain is called an ergodic chain if it is possible to go from every state to any other state (not 

necessarily in one move) so if it is both irreducible and aperiodic. This condition is 

equivalent to all nodes of the chain being ergodic (recurrent, aperiodic and positive) [210], 

[296], [325] That is the case of the transition matrix for the different airport operational 

blocks. Their stationary distribution 𝜋 (steady-state or long-term, 𝑛 → ∞), does not change 

over time (𝜋 = 𝜋𝑇 and 𝑇∞ = lim
𝑛→∞

𝑇𝑛). By the Perron-Frobenius Theorem [330], ergodic 

Markov chains have unique limiting distributions; i.e., they have unique stationary 

distributions to which every initial distribution converges. Therefore, the stationary (or 

limiting) distribution is a long-term behaviour indicator of the system. 

Once the different partial blocks are established and appraised, we now define a global 

model for the airport operational system. The combination of the blocks’ states (33 x 2) 

results in 54 possible different states for the global model. This amount of states difficulties 

the appraisal of the system reliability performance22. Therefore, to reduce this number, we 

used clustering techniques to group states for the global model (associating those states 

which provide similar operational outcomes). Cluster analysis or clustering is the task of 

grouping a set of objects in such a way that objects in the same group (called a cluster) are 

more similar (in some sense) to each other than to those in other groups (clusters) [331]. 

Thus, we can obtain a reduced number of states for the global system (by grouping states 

that represent similar operational conditions); this number should be small enough to be 

manageable but also it must ensure a good representation of the system 

Particularly, we used the Fuzzy c-Means (FCM) clustering algorithm implemented in 

MATLAB [254]. FCM is a clustering method that allows each data point to belong to multiple 

clusters with varying degrees of membership. FCM is based on the minimisation of the 

following objective function [332]: 

𝑱𝒎 = ∑∑𝜇𝑖𝑗
𝑚‖𝑥𝑖 − 𝑐𝑗‖

2
𝑁

𝑗=1

𝐷

𝑖=1

 (17) 

where: 

• 𝐷 is the number of data points in the dataset. 

• 𝑁 is the number of groups (clusters). 

• 𝑚 s fuzzy partition matrix exponent for controlling the degree of fuzzy overlap, 

with 𝑚 > 1. Fuzzy overlap refers to how fuzzy the boundaries between clusters 

                                                            

 

22 One of the main difficulties of using a multistate approach for a system with partial elements that can 
achieve different performance levels is the high amount of states that arise for the global model. This is 
handled by using grouping techniques that limit the number of states for the system [210]. 



6. Uncertainty management 

139 
 

are, that is the number of data points that have significant membership in more 

than one cluster. 

• 𝑥𝑖  is the 𝑖-th data point. 

• 𝑐𝑗 is the centre of the 𝑗-th cluster. 

• 𝜇𝑖𝑗  is the degree of membership of 𝑥𝑖  in the cluster 𝑐𝑗 . For a given data point, 𝑥𝑖  

the sum of the membership values for all clusters is one. 

The FCM algorithm performs the following steps during clustering [332]: 

1. Randomly initialise the cluster membership values, 𝜇𝑖𝑗 . 

2. Calculate the cluster centres: 

𝑐𝑗 =
∑ 𝜇𝑖𝑗𝑥𝑖

𝐷
𝑖=1

∑ 𝜇𝑖𝑗
𝑚𝐷

𝑖=1

 (18) 

3. Update 𝜇𝑖𝑗  according to the following equation: 

𝜇𝑖𝑗 =
1

∑ (
‖𝑥𝑖−𝑐𝑗‖

‖𝑥𝑖−𝑐𝑗‖
)

2

𝑚−1𝑁
𝑘=1

 
(19) 

4. Calculate the objective function, 𝐽𝑚. 

5. Repeat steps 2–4 until 𝐽𝑚 improves by less than a specified minimum threshold 

or until after a specified maximum number of iterations. 

The Silhouette criterion gives us the optimal number of clusters. Silhouette refers to a 

method of interpretation and validation of consistency within clusters of data. The 

technique provides a succinct graphical representation of how well each object has been 

classified [331]. The Silhouette value for each point is a measure of how similar that point 

is to points in its own cluster, when compared to points in other clusters. The Silhouette 

value for the 𝑖-th point, 𝑆𝑖 , is defined as [331]: 

𝑆𝑖 =
(𝑏𝑖 − 𝑎𝑖)

max(𝑎𝑖 , 𝑏𝑖)
 (20) 

where 𝑎𝑖is the average distance from the 𝑖-th point to other points in the same cluster (𝑖) 

and 𝑏𝑖  is the minimum average distance from the 𝑖-th point to points in a different cluster, 

minimised over clusters. The Silhouette value ranges from -1 to 1. A high Silhouette value 

indicates that 𝑖 is well-matched to its own cluster and poorly-matched to neighbouring 

clusters. If most points have a high Silhouette value, then the clustering solution is 

appropriate. If many points have a low or negative Silhouette value, then the clustering 

solution may have either too many or too few clusters [331]. The Silhouette clustering 

evaluation criterion can be used with any distance metric. According to the Silhouette 

criterion the best option is to distribute the system states in 7 clusters (see Figure 6-18). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 6-18. Silhouette value for different clustering solutions: (a) 4 clusters; (b) 5 clusters; (c) 6 
clusters; (d) 7 clusters; (e) 8 clusters and (f) 9 clusters. 

Figure 6-18 illustrates that a clustering with 4, 5 or 6 clusters will deliver a poor grouping 

solution, since many of the groups present very low values of the Silhouette criterion; i.e. 

these groupings are not representative of the different performance situations of the 

system, as some particular states are hidden in a broader group. However, if we increase 

the number of clusters above 7 (8 or 9 clusters), we start dividing the groups into subgroups 

that are too small, even if they present a good value of the Silhouette criterion. We decided 

to work with 7 clusters, since this result presents a high value of the Silhouette criterion for 

all the groups and there is no great disproportion in the size of the clusters (Figure 6-19). 



6. Uncertainty management 

141 
 

Consequently, the Silhouette method provided us with the optimal number (n) of 

clusters: i.e., we computed the average Silhouette of observations for different values of n, 

selecting the optimal number of clusters n as the one that maximises the average Silhouette 

index over a range of possible values for n [331]. Increasing the number of groups above 7 

(i.e. adding another cluster) does not give much better modelling of the data. More precisely, 

if one plots the percentage of variance explained by the clusters against the number of 

clusters, the first clusters will add much information (explain a lot of variance), but at some 

point, the marginal gain will drop, giving an angle in the graph. Furthermore, with different 

grouping solutions that present a similar gain in variance explication (7, 8 and 9 clusters), 

it is better to choose the one providing a lower number of classes (7), as it ensures a more 

compact and robust clustering result [331]. 

 

Figure 6-19. Silhouette value for the chosen number of clusters (7). 

Silhouette analysis can be used to study the separation distance between the resulting 

clusters. The Silhouette plot displays a measure of how close each point in one cluster is to 

points in the neighbouring clusters and thus provides a way to assess parameters like 

number of clusters visually. Silhouette coefficients near +1 indicate that the sample is far 

away from the neighbouring clusters. A value of 0 indicates that the sample is on or very 

close to the decision boundary between two neighbouring clusters and negative values 

indicate that those samples might have been assigned to the wrong cluster [333]. By 

constructing the operational groups through this clustering technique, we ensure that each 

cluster presents similar behaviour patterns regarding system reliability and degradation. 

We also performed some additional statistical analyses to evaluate the selected 

clustering methodology: first, we measured the clustering tendency of our dataset (to 

ensure that our data actually show some patterns in its behaviour and thus it is meaningful 

to apply a clustering technique), then we validated the quality of the grouping solution and 

finally we tested its significance. The Hopkins statistic is a way of measuring the cluster 

tendency of a data set [334]. It belongs to the family of sparse sampling tests, particularly, 

it acts as a statistical hypothesis test where the null hypothesis is that the data is generated 

by a Poisson point process and are thus uniformly randomly distributed [334]. A value close 

to 1 tends to indicate the data is highly clustered, random data will tend to result in values 

around 0.5, and uniformly distributed data will tend to result in values close to 0. 
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The formulation of the Hopkins statistic (HS) was performed as follows [334]: 

• Let X be the set of n data points. 

• Consider a random sample (without replacement) of m << n data points with 

members xi. 

• Generate a set Y of m uniformly randomly distributed data points. 

• Define two distance measures: 

▪ ui the distance of yi ∈ Y from its nearest neighbour in X (i.e., ui is the 

nearest neighbour distances from uniformly generated sample points to 

sample data from given dataset), and 

▪ wi the distance of xi ∈ X from its nearest neighbour in X (i.e., wi is the 

nearest neighbour distances within sample data from given dataset). 

With the above notation, if the data is d dimensional, then the Hopkins statistic (HS) is 

defined as 𝐻𝑆 =
∑ 𝑢𝑖

𝑑𝑚
𝑖=1

∑ 𝑢𝑖
𝑑+∑ 𝑤𝑖

𝑑𝑚
𝑖=1

𝑚
𝑖=1

 . 

We can conduct the Hopkins statistic test iteratively, using 0.5 as the threshold to reject 

the alternative hypothesis. That is, if H < 0.5, then it is unlikely that our dataset has 

statistically significant clusters. For our dataset, H = 0.805. As the value of the Hopkins 

statistic is close to 1, then we can reject the null hypothesis and conclude that the dataset is 

significantly a “clusterable” data. 

Once the groups of states (operational clusters) were obtained, the next step was to 

assign a performance rate (R) to each Cluster, to order them. We applied the following 

criterion (based on expert judgement) to weight the influence of each state inside the 

Cluster: 

𝑅 = 
𝑛1 + 0.5 ∗ 𝑛2

𝑛3
 (21) 

where 𝑛1 is the number of optimal states (or standard for the complexity block) (states 

S1) that can be found in the Cluster, 𝑛2 is the number of correct states (states S2) that can 

be found in the Cluster and 𝑛3 is the number of incorrect states (state S2 for the complexity 

block and state S3 for the other blocks) for each Cluster. Table 6-13 shows the states that 

conform each Cluster23 and the performance rates of the different performance Clusters, 

which ranked in descending order (from the best level of performance to the worst level of 

performance). 

                                                            

 

23 The total number of states in Table 6-13 does not add up to 54 (we can only find 43 combinations). 54 
is the possible number of combinations for the partial states (blocks’ performance levels), but some of 
these combinations were not found in the dataset. 
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Table 6-13. Definition of the operational Clusters (states included in each group) and performance 
rates for each operational Cluster. 

 Cluster/Global state for the system 

C1 C2 C3 C4 C5 C6 C7 

Combinations of states of 
the partial blocks (the 
order is delay, capacity, 
environmental impact and 
complexity) 

1  1  1  1 

1  1  2  1 

1  1  3  1 

2  1  1  1 

2  1  2  1 

2  1  3  1 

1  2  1  1 

1  2  2  1 

1  2  3  1 

1  3  1  1 

1  3  2  1 

1  3  3  1 

1  1  1  2 

1  1  2  2 

1  2  1  2 

1  2  2  2 

1  3  1  2 

3  1  1  1 

3  1  2  1 

3  1  3  1 

2  2  1  1 

2  2  2  1 

2  2  3  1 

2  3  1  1 

2  3  2  1 

2  3  3  1 

3  2  1  1 

3  2  2  1 

3  2  3  1 

3  3  1  1 

3  3  2  1 

3  3  3  1 

2  1  1  2 

2  1  2  2 

2  2  1  2 

2  2  2  2 

2  3  1  2 

3  1  1  2 

3  1  2  2 

3  2  1  2 

3  2  2  2 

3  3  1  2 

3  3  2  2 

Performance rate (R) 0.8958 0.8333 0.7396 0.6500 0.6458 0.5833 0.4659 

The transition matrix of the global system (the airport operational system) is depicted 

in Table 6-14. This matrix represents the one-step transition probabilities between system 

states – Clusters (C). Each step represents an arrival operation to the airport. The system 

tends to move towards Cluster 1 for every initial state, except for Clusters 3 and 6, for which 

the system tends to stay in the same cluster. This means that the airport system shows a 

tendency towards the state with a highest performance rate (C1); i.e. the airport system is 

repairable. 

Table 6-14. Transition matrix P for the global system. 

 C 1 C 2 C 3 C 4 C 5 C 6 C 7 

C 1 0.478 0.114 0.005 0.066 0.271 0.004 0.063 

C 2 0.452 0.120 0.004 0.060 0.292 0.006 0.067 

C 3 0.037 0.009 0.400 0.074 0.023 0.384 0.074 

C 4 0.389 0.085 0.056 0.103 0.224 0.047 0.096 

C 5 0.427 0.112 0.004 0.059 0.318 0.005 0.074 

C 6 0.039 0.011 0.381 0.062 0.022 0.414 0.072 

C 7 0.335 0.093 0.050 0.088 0.258 0.058 0.117 
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The steady state vector (stationary distribution) for the global system is: 

𝑋 = [0.4002, 0.0998, 0.0513, 0.0679, 0.2551, 0.0525, 0.0733] 

The Markov chain for the airport operational dynamics (see Table 6-14) is irreducible (it 

is possible to get to any state from any state) and aperiodic (any return to the previous state 

can occur in just one transition step). A Markov chain is ergodic if it is both irreducible and 

aperiodic [210], [296], [325]. By the Perron-Frobenius Theorem [330], ergodic Markov 

chains have unique limiting distributions; i.e., they have a unique stationary distribution to 

which every initial distribution converges. Therefore, the stationary distribution is an 

indicator of the long-term behaviour of the system. The two most probable states for the 

stationary distribution are C1 (40.02%) and C5 (25.51%) that have associated performance 

levels of 89.58% and 64.58%. The group with the lowest performance level (C7) is an 

operational cluster that presents a very low probability in the steady state (7.33%) and that 

tends to evolve towards more favourable clusters (33.5% probability of moving to state C1 

in the next operation). 

Given a particular initial state (operational conditions) and the number of steps, the 

transition matrix (Table 6-14) allows us to locate the airport system in the most probable 

operational cluster. 

Figure 6-20 shows the Markov chain for the global model (airport operational system). 

Formally, it is a plot of the directed graph that represents the discrete Markov chain. Nodes 

correspond to the states of the system. Directed edges correspond to nonzero transition 

probabilities in the transition matrix P (Table 6-14). An “inverse and sequential” Brewer’s 

colour scale is used to improve the visibility of the most frequent transitions [329]. 

 

Figure 6-20. Markov chain for the global system. 
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This reliability model illustrates the system evolution and provides a framework to 

detect the need of corrective measures. For the model construction and testing, data was 

divided into two partial datasets. The first one was used to train and validate the model, 

with 80% of the total number of observations (building and cross-validation sample); while 

the remaining 20% (test sample) was used to test the generalisation of the model. 

Therefore, the process is as follows: (i) randomly split the initial dataset into 

construction/building and testing sets: 80% construction and 20% test; (ii) perform cross-

validation on the construction set to fit the model (k-fold with k=10) [335]; and (iii) test if 

results are generalizable, using a test set, which is completely separated from model 

development. Both the train and the error scores present an average value of 10%, i.e., our 

model predicts new observations as well as it fits the original dataset. Therefore, we are not 

overfitting the model and results can be generalizable. 

By assessing the importance of each partial block on the system’s operational behaviour, 

we obtain that delayed operations and situations when processes need additional time 

(poor functioning at delay and environmental impact blocks) tend to highly degrade the 

system’s global state, and therefore reduce the airport ability to maintain optimal 

performance rates. Consequently, delays are major drivers for airport dynamics and reduce 

the system ability to recover itself. 

The system dynamics methodology assesses and models the dynamical behaviour of a 

system over time (or over operational steps in our case), by analysing the relationships 

between the different elements of the system. It helps us to understand system performance 

and potential degradation in complex environments, with several factors affecting the 

system’s operational evolution. As mentioned above, an MSS has different levels of 

reliability. Therefore, the system and its components can transit to various performance 

states during its functioning periods. The MSS transits from higher performance states to 

lower states with failure rate λ, transits from lower states to higher states with repair rate 

μ and maintains the same state with stabilisation rate γ [216]. The probability of being in 

each state (j) at step n for component i (Pij(n)) is obtained from Chapman-Kolmogorov 

equations [336]: 

𝑑𝑃𝑖0(𝑛)

𝑑𝑡
= ∑𝜆𝑗0
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 (22) 

where λ𝑗𝑘
𝑖  and 𝜇𝑗𝑘

𝑖  are the failure and repair rates from state j to state k for component i 

respectively; and γ𝑘
𝑖  is the stabilisation rate (transition probabilities as depicted in the 
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example of Figure 6-13). In addition, ∑ 𝑝𝑗𝑖(𝑛) = 1
𝑘𝑗

𝑖=1
 must be fulfilled at any operational step, 

and the initial conditions have to be apprised with regard to the starting operation for the 

airport. 

We use three indicators to evaluate the system’s operational performance after a number 

of steps (arrival operations) [209]: (i) the mean instantaneous performance (En), which 

represents the performance expectation at a given step; (ii) the mean instantaneous 

deficiency performance (Dn), which represents the system performance deviation from a 

given demand (𝑤), at a given step; and (iii) the instantaneous availability (An), which 

represents the probability of finding the system in an acceptable state at a given step. These 

indicators are related to the fact that in systems with weighted components, each 

component may contribute differently to the performance of the system. Therefore, the 

system's working/failure principle depends on the total performance of working/failed 

components [337]. 

The mean instantaneous performance indicator (En) for step 𝑛 is defined as a weighted 

average between the system probability to be found in each state and the service levels 

associated to these states. When the probability function of a random variable gives the 

weights for a weighted average, this average can be understood to be the expected value of 

the variable. En is defined as: 

𝐸𝑛 = ∑ 𝑔𝑘𝑝𝑘(𝑛)

𝑁

𝑘=1

 (23) 

where 𝑁 is the total number of states, 𝑔𝑘 is the performance rate (service level) 

associated to state 𝑘 and 𝑝𝑘(𝑛) is the probability of the system being in state 𝑘 at step 𝑛. 

The mean instantaneous deficiency performance indicator (Dn) for step 𝑛 is defined as a 

weighted average of the system probability to be found in each state and the difference 

between the performance rate at this state and the expected performance rate. Therefore, 

given an expected service level or performance rate (𝑤), this metric evaluates how the 

system is actually performing with regards to 𝑤. If the operational behavior of the system 

is above the expected performance value, the average is weighted with zero; because the 

system is fulfilling the expectations and this indicator only seeks to analyse situations 

experiencing underperformance. Dn is defined as: 

𝐷𝑛 = ∑𝑝𝑖(𝑛)max (𝑤 − 𝑔𝑖; 0)

𝑁

𝑖=1

 (24) 

where 𝑁 is the total number of states, 𝑝𝑖(𝑛) is the probability of the system being in state 

𝑖 at step 𝑛, 𝑤 is the expected performance rate for the system and 𝑔𝑖  is the actual 

performance rate associated with state 𝑘. 



6. Uncertainty management 

147 
 

The instantaneous availability indicator (An) for step 𝑛 is defined as the sum of the 

probabilities of the system being in states with acceptable performance rates. An can be 

calculated as: 

𝐴𝑛 = ∑𝑝𝑖(𝑛)

𝐾

𝑖=1

 (25) 

where 𝑘 is the total number of states with acceptable performance rates and 𝑝𝑖(𝑛) is the 

probability of the system being in state 𝑖 at the step 𝑛. 

If we apply these definitions to the values of the stationary (or limiting) distribution, we 

can obtain the asymptotic values in the long term (𝐸∞, 𝐷∞, 𝐴∞). 

To describe the system’s operational response and evolution (steady state behaviour), 

we appraised several particular scenarios, as an example of the model applicability. As 

explained before, the Markov chain that represents the airport operational performance is 

ergodic, and thus it has a unique stationary distribution to which every initial distribution 

converges. The stationary state vector is 𝑋 = [0.4002, 0.0998, 0.0513, 0.0679, 0.2551, 0.0525, 0.0733]. 

Therefore, the most probable outcome for the steady state behaviour of the system is 

Cluster 1 (40.02%), which shows the reliable nature of the system (Cluster 1 is the group 

with higher performance state). The values for the stationary distribution of the 

performance indicators are: 75.32% for the mean performance (𝐸∞), 0.25% for the mean 

performance deficiency (𝐷∞) and 61.92% for the mean availability (𝐴∞). In the calculations 

of these indicators, we have considered C1, C2, C3 and C4 as the Clusters with acceptable 

performance rates and w=50% as the expected performance rate for the system. 

Although the system converges to the steady vector (stationary distribution) for every 

initial condition, it is useful to analyse the evolution of performance indicators and state 

probability towards this steady (or limiting) state (𝑛 → ∞) when having different initial 

situations, as it provides us with the characteristics of the system’s response. 

First, we analysed the system behaviour when the initial state is (𝑃0 = [
1

7
,
1

7
,
1

7
,
1

7
,
1

7
,
1

7
,
1

7
]), 

and hence it is equally probable to find the airport operating in all the Clusters (random 

initial operational state). We call it the “equiprobable state”. The system reaches the steady 

state in 28 steps – arrival operations (with a maximum error of the estimation of 0.1510%). 

Figure 6-21 shows the evolution of: (a) the probability of the states, (b) the mean 

instantaneous performance (En); (c) the mean instantaneous performance deficiency (Dn); 

and (d) the mean instantaneous availability (An) towards the steady state (stationary 

distribution). These graphs characterise the system behaviour. The system is repairable, as 

it increases its performance and reduce its deficiency over time (with steps). En 

(performance) and An (availability) increase with operations, while Dn (deficiency) 

decreases, since the stationary state has higher deficiency levels than the “equiprobable 

state”. 
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Availability is a performance criterion for repairable systems that accounts for both the 

reliability and maintainability properties of a system. It is defined as the probability that the 

system is operating properly when it is requested for use. In the case of the airport system, 

it evolves towards a value of 61.92%. 𝐴∞=61.92% implies that there is a 61.92% chance 

that the airport is operating, in the long term, above the pre-defined acceptable 

performance rate (we settled C1 to C4 as the acceptable situations). 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6-21. Evolution with steps (operations) of (a) states’ probability; (b) En; (c) Dn; and (d) An for 
P0=[1/7,1/7,1/7,1/7,1/7,1/7,1/7]. 

In the second appraised scenario (Figure 6-22), the initial operating situation 

corresponds to Cluster 7 (C7); i.e., the initial state is 𝑃0 = [0, 0, 0, 0, 0, 0, 1]. It is considered 

a “degraded state” (the system starts from the lowest performance rate). The airport 

operational system reaches the steady state in 20 steps – arrival operations (with a 

maximum error of the estimation of 0.1499%). As the initial state presents a low 

performance rate and the system is repairable, the airport evolves towards a restored state 

(with and enhancement in the performance and availability levels and a reduction for the 

deficiency rate), until the system finally reaches the stationary distribution. 

Finally, we assessed a third scenario, where the initial operation situation corresponds 

to Cluster 1 (C1); i.e., the initial state is 𝑃0 = [1, 0, 0, 0, 0, 0, 0]. It is considered a “fully 

operating state” (the system starts from the highest performance rate). Results for the 

evolution of the states and the performance indicators are illustrated in Figure 6-23. 
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In contrast to the two previous cases, the system (which starts in the state with the 

highest level of performance) shows a limited degradation until the airport operational 

system reaches the steady state in 30 steps – arrival operations (with a maximum error of 

the estimation of 0.1510%). 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6-22. Evolution with steps (operations) of (a) states’ probability; (b) En; (c) Dn; and (d) An for 
P0=[0,0,0,0,0,0,1]. 

According to the three appraised scenarios, we can infer that the system presents a good 

reliability behaviour. It tends to move towards a stationary distribution with high levels of 

average performance and medium availability, as well as low levels of deficiency. In 

addition, the system reaches this steady state relatively quickly (needing between 20 and 

30 operations), especially when the airport evolves from degraded states. This indicates 

that the airport operational system shows a greater tendency to reparation than to 

degradation, or at least repairs itself more efficiently. 

The stationary distribution is an indicator of the long-term behaviour of the system. 

Regardless of the initial situation (we have appraised three initial states), the two most 

probable states for the stationary distribution are C1 (40.02%) and C5 (25.51%) that have 

associated performance levels of 89.58% and 64.58%. The evolution towards the steady 

state represent the dynamics of the system. The system tends to evolve towards more 

favourable clusters and to stay in high levels of performance. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 6-23. Evolution with steps (operations) of (a) states’ probability; (b) En; (c) Dn; and (d) An for 
P0=[1,0,0,0,0,0,0]. 

6.3.1 Alternative global model 

The global model for the system could also be constructed by grouping the possible 

states according to expert judgement.  When the contributions of the components to the 

cumulative system performance rate are different, the number of possible MSS states grows 

dramatically; i.e., different combinations of k available units can provide different 

performance rates for the entire system [293]. This is the reason why this alternative 

definition for the global model only considers total failures of the blocks. Otherwise, the 

number of global states would be unmanageable in practical applications. Therefore, in the 

alternative global model, the number of blocks that have failed measures the global 

performance of the system; i.e., the global model has a total of five possible states 

(𝐺1, 𝐺2, 𝐺3, 𝐺4 and 𝐺5) according to the number of failed blocks. The performance rate of 

each state is defined as the relative number of blocks that have failed. That way 𝐺1 has a 

performance rate of 100%, 𝐺2 of 75%, 𝐺3 of 50%, 𝐺4 of 25% and 𝐺5 of 0%. The global states 

and performance rates of the system are depicted in Figure 6-24. The transition matrix for 

the global model is presented in Figure 6-25, showing the probabilities for a change 

between the 5 system states. Figure 6-26 is a graphical representation of the Markov chain. 

An “inverse and sequential” Brewer’s colour scale is used to improve the visibility of the 

most frequent transitions [329]. 
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Figure 6-24. Performance levels of the global model states. 

 𝑮𝟏 𝑮𝟐 𝑮𝟑 𝑮𝟒 𝑮𝟓 

𝑮𝟏 0.570 0.406 0.023 0.001 0.000 

𝑮𝟐 0.079 0.577 0.334 0.010 0.000 

𝑮𝟑 0.007 0.503 0.443 0.047 0.000 

𝑮𝟒 0.003 0.162 0.484 0.346 0.005 

𝑮𝟓 0.000 0.071 0.375 0.464 0.089 

Figure 6-25. Global transition matrix. 

 

Figure 6-26. Markov chain representation. 

The system’s Markov chain is ergodic; thus, it has a unique stationary distribution [330]. 

The steady state vector is 𝑋 =  [0.1008, 0.5201, 0.3453, 0.0334, 0.0004]. When the system 

reaches the stationary (or limiting) distribution, the most probable state is 𝐺2 (52.01%), this 

means that the system is working with a 75% performance rate (or that is working with 

only one failed block). Perfect functioning and total failure are very unlikely to happen (10% 

and less than 1 % respectively). There is a 96.62% probability that in the long term (steady 

state) the system will be working with a performance level above 50% (probability of being 

in states 𝐺1, 𝐺2 or 𝐺3). 
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The transition matrix shows that total failures (𝐺5) do not last long. The probability of 

being in state 𝐺5 (total failure) and staying in that same situation is only 8.9%, which means 

that the system is not supposed to remain in a “total failure state” for a large number of 

operations. It is more probable that the system achieves partial repairs, by transitioning to 

state 𝐺4. (46.4%) or to state 𝐺3. (37.5%). Moreover, the system tends to stay in the same 

state or to suffer partial repairs or failures, not extreme transitions. This can be appraised 

by analysing the diagonal of the matrix, which is the most likely set of transition 

probabilities (i.e. there is a tendency for remaining in the same state), except for the cases 

in which the system is in state 𝐺5 (as mentioned before, the system tends to move to 

state 𝐺4) or in state 𝐺4 (when the most probable transition is towards 𝐺3, achieving a partial 

repair). Furthermore, total recoveries and total failures are not possible, the probability that 

the system is in state 𝐺5 for operation 𝑛 and in state 𝐺1 for operation 𝑛 + 1 is zero. The 

system neither can go from state 𝐺1 (perfect functioning) to state 𝐺5 (total failure) in just 

one-step. 

In order to define the reliability and performance indicators, it is necessary to establish 

the number of acceptable states and the expected level of demand. This study contemplates 

that an acceptable situation for the airport system includes the states 𝐺1, 𝐺2 and 𝐺3. The 

expected level of demand (𝑤) is at least 50%. For the stationary (or limiting) distribution, 

the mean instantaneous availability (𝐴∞) is 72.65%, the mean instantaneous deficiency 

(𝐷∞) is 7.1087 and the mean instantaneous performance (𝐸∞) is 50.59%. 

We studied three particular scenarios (with different initial conditions) to evaluate the 

system’s dynamics and reliability response. Figure 6-27 (a), (b) and (c) show the evolution 

of the three performance indicators when the system starts at state 𝐺1, with initial state 

vector 𝑝0 = [1 0 0 0 0]. The system is initially functioning perfectly (𝐸𝑛 = 100%,𝐷𝑛 = 0 

and 𝐴𝑛 = 100%). The system’s performance is degraded until it reaches the stationary 

distribution. The number of steps spent by the system to reach the stationary distribution 

is 20 operations (with an error of the estimation of 0.1010%). 

The second appraised case is completely opposite of the former one. The system is 

initially in complete failure (𝐺5, 𝑝0 = [0 0 0 0 1]) and improves (recovers) its performance 

rate by reaching the stationary distribution in 17 operations (with a maximum error of the 

estimation of 0.1403%). Figure 6-27 (d), (e) and (f) represent this evolution, which is faster 

than the previous case; i.e. the system recovers itself faster than it evolves towards a 

degraded state. 

To study the system evolution from a non-extreme initial situation (total failure or 

perfect functioning), a third case is appraised: now the system is initially in an intermediate 

state (𝐺3), which is the second most probable state. The initial state vector is thus 𝑝0 =

[0 0 1 0 0] and it takes the system 15 operations to reach the stationary distribution (with 

a maximum error in the estimation of 0.1060%). Now the system requires less time to reach 

the stationary distribution (only 15 steps) because the initial state vector is similar to the 

stationary state vector. Figure 6-27 (g), (h) and (i) describe the temporary evolution of the 

three performance indicators for the third case. The evolution can be divided into two 
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stages. In the first one, the system suffers a degradation, arriving at a minimum for the mean 

instantaneous performance (47.6896%) in 2 steps, a minimum for mean instantaneous 

availability (70.57%) in 3 steps and a maximum for mean instantaneous deficiency (7.6340) 

in 3 steps. Then, the system recovers itself in the second stage of the evolution, arriving at 

the stationary distribution in 15 steps. 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 

Figure 6-27. Performance indicators: (a) A for case 1, (b) D for case 1, (c) E for case 1, (d) A for case 2, 
(e) D for case 2, (f) E for case 2, (g) A for case 3, (h) D for case 3, and (i) E for case 3. 

Figure 6-28 shows the evolution of the state’s probabilities (system dynamics) with 

arrival operations (steps). Although the system converges to the steady vector (stationary 

distribution) for every initial condition, it is useful to analyse the evolution of performance 

indicators and state probability towards this steady state (𝑛 → ∞) when having different 

initial situations, as it provides us with the characteristics of the system’s response. The 

stationary distribution is an indicator of the long-term behaviour of the system, which tends 

to evolve towards states with levels of performance above 50%. The delay block tends to 

limit the airport ability to maintain optimal performance rates, as frequently evolves 

towards degrades states. Consequently, delays are major drivers for airport dynamics and 

reduce the system aptitude to recover itself. 
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(a) 

 
(b) 

 
(c) 

Figure 6-28. Probability evolution for the system’s states: (a) for case 1, (b) for case 2, (c) for case 3. 

The reliability of a system (𝑅) is defined as the system’s ability to remain in acceptable 

states during the operation period. Therefore, the reliability function can be defined as the 

probability that the system is not in its unacceptable states [209]: 

𝑅 = 1 − ∑𝑝𝑗(𝑡)

𝑖

𝑗=1

 (26) 

where 𝑖 is the number of unacceptable states. 

The study is divided into two parts: firstly, the system is studied considering only 𝐺5 as 

unacceptable sate and secondly, the system is studied considering both 𝐺5 and 𝐺4 as 

unacceptable states. Both cases are studied considering 𝐺3 as the initial state (as it 

represents a non-extreme initial situation). 

Figure 6-29 (a) shows the results obtained for the first case of study (G5 as the only 

unacceptable state) and Figure 6-29 (b) for the second case of study (G5 and G4 as 

unacceptable states). 

 
(a) 

 
(b) 

Figure 6-29. Instantaneous reliability considering: (a) 𝐺5 as the only unacceptable state, (b) 𝐺5 and 𝐺4 
as unacceptable states. 

Although the value of R for the stationary distribution is different for the two cases, the 

system shows similar evolutions in both of them. Initially, the system is degraded until 

reaching a minimum in around 3 operations, to then recover from that fall and reach the 



6. Uncertainty management 

155 
 

stable state. This proves that the system is repairable and therefore reliable. Indeed, even if 

the system is subject to failure, it will most likely recover quickly. Moreover, the level of 

reliability for the first case is 98.92% and for the second 72.65%. These values can be 

considered an acceptable level of reliability considering the complexity of the airport 

operational system. 

6.3.2 Comparison 

In this section we have presented two models based on the theory of MSSs to evaluate 

airport operations. The first model was defined by mixing expert judgement to define 

performance thresholds and clustering techniques to group similar behaviour patterns 

regarding system degradation. The second model was defined by using expert judgement 

and a grouping for the global model based on the number of failures in the partial blocks of 

the system (as a way to focus state grouping on a functional approach). 

We can infer from the results that number of states of the global model in the second 

model was somehow oversimplified (only 5), since a more precise definition of the states 

for the global system is obtained through an objective association technique (7 possible 

states). In this way, the usefulness of clustering techniques has been demonstrated when 

determining states in MSSs. Although the second model is much less expensive in 

computational terms, some particular states are hidden in a broader group. 

For both models, the previous exploratory analysis of data was extremely useful to 

understand the behaviour of the attributes that shape the system performance, especially 

in the case of the categorical variables that defined the complexity block. 

Although there are certain differences in the structure of the models, we can compare 

them from a global point of view, since the definition of the partial blocks is the same (i.e., 

partial blocks are based on the measurement of the same elements). However, it should be 

noted that performance rates have been defined less conservatively in the first model than 

in the second one (a greater number of blocks was required to be in incorrect states to 

consider the system in a lower level of performance). In both cases, it can be concluded that 

both Markov chains and performance indicators provide easy-to-understand information 

about the state of the system and its evolution (dynamics). 

Figure 6-30 illustrates the spectral gap for the Markov chains of the two models. A finite 

Markov chain is a process which moves among the elements of a finite set of states, where 

the probabilities for the different state transitions are given by the transition matrix [298]. 

The spectral gap of a Markov chain is the difference between the two largest eigenvalues of 

its transition matrix. It is intimately linked with the time that the chain takes to reach the 

stationary distribution (or mixing time) [338]. The bigger the spectral gap, the faster the 

mixing time. Model 1 (Figure 6-30 (a)) presents a wider gap than Model 2 (Figure 6-30 (b)), 

so (on average) the system tends to reach the stationary (limiting) distribution in a higher 

number of operations for Model 1. 
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(a) 

 
(b) 

Figure 6-30. Spectral graph comparision for: (a) the first reliability model, and (b) the second 
reliability model. 

6.3.3 Concluding remarks 

A system is designed to accomplish a defined task in a determined environment, under 

different changing conditions. Traditionally, systems have been modelled in a binary way, 

thus the system has only two possible states: perfect functioning or complete failure [21], 

[36], [37]. Nevertheless, most real systems can develop their tasks in more than two 

performance levels. Additionally, real systems are usually composed of elements that can 

also be found in different states [21]. When the performance rate of the system’s elements 

can vary because of their deterioration (fatigue, partial failure) or because of variable 

ambient conditions, the entire system may be considered a multistate system (MSS) [37]. 

An MSS reliability approach allows us to consider a finite number of states for both the 

system and its components. 

Our study develops a reliability analysis of the airport transit view process. In this 

analysis, we use a Multistate system approach, through a Markov-Chain model. Four main 

elements of the system are used to appraise its behaviour: delay, capacity, environment and 

complexity, with different partial variables. Performance thresholds and states were 

assigned according to operational targets, data distributions and expert knowledge. 

Moreover, the global system states were clustered to reflect similar operational 

characteristics. The application of the model to a case of study of 160,460 turnaround 

operations (registered at 2016) is used to describe the system operational behaviour. 

Performance indicators allow us to characterise the system’s dynamics and obtain 

predictions of its most likely evolution. Results show that the airport system tends to a 

stationary distribution with the highest level of performance achievable, reaching an 

availability of 61.92%. Therefore, the system is repairable. Delays are major drivers for 

airport performance dynamics and reduce the ability of the system to recover itself. This 

reliability model represents a framework to test different ‘what-if’ scenarios and to reduce 

uncertainty by categorizing different behaviour patterns. Therefore, it allows us to predict 

how probable is for the system to enter a degraded state and highlights the system’s ability 
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to maintain performance (or recover tolerable rates) under varying conditions. This 

approach marks an evolution from the traditional corrective view regarding reliability 

analysis (act when the system is degraded) to a predictive perspective (act when the system 

is providing signs of malfunction, before it reaches degradation). The model allows both a 

comprehensive view of the airport system and a holistic and performance-based 

management of the day of operations, enabled by predictions for the future system states. 

Future work will focus on improving the accuracy of the model (more complete testing 

data and methodological enhancements – like weighting the parameters’ influence when 

defining block states), and on comparing the results when the methodology is applied to 

other airports (generalisation of the case study). We also need to analyse potential response 

strategies/measures (how specific actions impact the airport system state), highlight 

potential applications in tactical airport operations and consider other performance areas 

as safety and financial results. In this sense, we also plan to analyse the cost to repair 

incorrect states and to maintain an acceptable airport performance. The analysis will be 

expanded to include further initial states for the verification of the model (sensitivity 

analysis to initial conditions). Finally, the study of the cost to repair incorrect states and 

maintenance of an appropriate airport performance will also be addressed. 

The main limitation for the proposed models is related to the fact that turnaround 

operations have been addressed as a single compact block (where all partial procedures are 

treated as a whole). This approach has proven its efficiency when assessing airline 

schedules and airport slot distribution [13] and it is in line with how airlines manage delay 

recovery, particularly when deploying hubbing strategies24 [12]. It provides us with a 

“macro” view of aircraft turnaround operations and simplifies the observation and 

modelling work needed to adjust on-ground time allocation and capacity management. 

However, this “macro” approach should be completed with a disaggregated view to provide 

operators with a “micro” analysis for obtaining concrete actions and for evaluating costs 

and requirements (e.g. if the airport layout and the ground handling services are able to 

                                                            

 

24 An airport slot refers to the “right to operate an aircraft (for landing or taking off) at a certain time” 
[404]. Slots are allocated to both departure and arrival flights and are limited by the “operating” or 
“regulated” capacity of an airport [35]. As we have studied in this dissertation, congestion in the Terminal 
Manoeuvring Area (TMA) around the destination airport may force an arriving aircraft to join a landing 
queue in an airborne holding pattern and await a landing slot [12]. The implication of hubbing schedules 
is that flights arrive and depart in separate waves with a short period of separation time in between, 
allowing passenger connections among inbound and outbound flights [12]. The gap between departure 
and arrival waves is longer than the declared “minimum connection time” at a specific airport. The 
intensity of arriving and departing flights reflects the strength of hubbing as well as the demand for 
runway slots. For strong hubbing operations, the demand for slots in the peak of a wave could be more 
than the available capacity, while the demand in the non-peak hours is often significantly lower [12]. The 
implication for airport capacity is that slot utilisation at a strong hubbing airport is often not efficient [43]. 
The high demand for airport slots also increases the demand for ground services need to provide enough 
gates, terminal spaces for connecting passengers, security screening facilities, and baggage/cargo sorting 
services. 
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support the operational decisions). Figure 6-31 suggests a way to incorporate this “micro” 

view to the proposed methodology. 

Figure 6-31. Complementary “micro view” to the to evaluate corrective actions. 

 

6.4 Case study. Assessment of Airport Arrival Congestion 
and Delay: Prediction and Reliability 

In this section we present a case study in order to illustrate the application of the 

uncertainty management techniques that we have previously introduced. First, Chapter 

6.4.1 reviews the background information regarding the assessment of arrival congestion 

and delay, and presents our contribution. In Chapter 6.4.2, we detail the theoretical 

characteristics/foundations of the proposed methods and describe the scenario used to 

validate the methodology (i.e. the case study settings). Chapter 6.4.3 illustrates the practical 

construction of the models and their application to the case study. It also introduces and 

discusses the main results of the case study. Finally, Chapter 6.4.4 assesses the conclusions, 

the applicability of the model and potential further work. See Annex A for the meaning of 

the acronyms presented throughout the case study. 

Airport arrival performance is a key element of air traffic network efficiency, as it is one 

of the main drivers for congestion (capacity limitation) and potentially lengthy flight delays, 

which spread over the network and make it vulnerable [28]–[30], [164], [181]. The Arrival 

Manager (AMAN) concept aims to improve arrival flows at airports by calculating the 

optimised approach/landing sequence and certain operational timestamps [42], [51]. 

AMAN planning systems are designed to assist Air Navigation Service Providers (ANSPs) 

with aircraft arrivals, particularly during challenging conditions such as bad weather or 

when there are capacity constraints. The calculations performed by AMAN systems take 

multiple indicators and criteria into account, including the locally defined landing rate, the 

targeted operational times for each aircraft and the required spacing for arriving flights 

[42], [51], [134], [339], [340]. The strong growth in air traffic demand during recent 

decades, despite declines following 9/11 and during the economic downturn in 2008 and 

2009, has led to system-wide congestion problems that are worsened due to airport arrival 
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inefficiencies [31]. Hence, there is an opportunity to develop new conceptual tools to 

support arrival management functions [111]. In this sense, we propose a novel approach 

for assessing and predicting the airport’s level of arrival congestion and delay, under 

specific operational circumstances. Improved arrival time predictability supports the early 

and effective allocation of the turnaround and stand resources (e.g. departure gates can be 

confirmed earlier with fewer disruptive late stand changes) [12], [27], [143]. 

Figure 6-32 illustrates the AMAN process25 [341], [342]. Trajectory prediction is used 

as an input for aircraft sequencing and demand/capacity balancing. The trajectory 

prediction module predicts the future progress of individual aircraft on the basis of: (a) 

current aircraft condition and position; (b) estimations of intent; (c) expected 

environmental conditions and procedures; and (d) computed models of aircraft 

performance. The general objective of an AMAN system is to provide assistance in the 

management of the flow of arriving traffic in a particular airspace, to particular points such 

as runway thresholds or metering points [13] [14]. The AMAN systems also seek to provide 

predictability for users (both ground and air) and at the same time minimise the impact on 

the environment, by reduced holding and low-level vectoring. Therefore, to be successful, 

AMAN systems need reliable assessments and estimations of delay and capacity, which will 

be the focal point of the study. Regarding the specific research question, this study aims to 

develop a methodology to predict delay and congestion for arrival operations at a tactical 

level (time scale), focusing on an airport rather than on a system-wide prediction approach 

(space scale) and using different inputs like operational timestamps, meteorological 

features, aircraft and airline information, flight and route details and airport configuration. 

The output of our model (system state in terms of delay and congestion/capacity) could be 

used as input by AMAN systems, and should be located between the trajectory prediction 

module and the sequencing optimisation module, as illustrated in Figure 6-32. This figure 

works as a statement of how the model can be embedded into AMAN systems. Therefore, 

our model provides a tool for adjusting trajectory prediction and consequently improving 

aircraft sequencing by managing uncertainties in delay and capacity [343], [344]. The 

AMAN sequencing module and the feedback control for improved decision-making are 

outside the scope of the study and will be addressed in future work. 

The key motivation for the study is to provide a novel approach with regards to the 

assessment of congestion and delay in airport arrival operations; particularly, our approach 

(i) includes the impact of stochasticity on prediction, (ii) moves from a binary view of 

reliability to a multi-state view of reliability, and (iii) seeks the evolution from reactionary 

interventions to predictive interventions. 

                                                            

 

25 The scope of our study is marked in bold. The trajectory prediction module, the sequencing optimization 
module and the feedback control loop can use the outputs of our model to improve the results of the 
AMAN systems. 
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Figure 6-32. Prediction of congestion and delay as input for the AMAN scheme. Adapted from [51]. 

6.4.1 Background and contribution 

Airport arrival demand management involves a trade-off between mitigating congestion 

and maximizing capacity utilisation [60], [68]. This balance is also affected by the impact of 

air traffic delays: a significant portion of delay generation occurs at airports, where aircraft 

connectivity acts as a key driver for delay propagation [59], [119], [120], [164]. AMAN 

systems rely on improving of predictability, reliability and capacity management in 

operations [42], [51], three of the eleven Key Performance Areas (KPAs) targeted in ICAO’s 

Doc. 9854 for the Global Air Traffic Management Operational Concept [45]. Moreover, these 

topics are seen as key performance issues for the future air traffic operational concept [42], 

[46]: the Air Traffic Management (ATM) system must be resilient to service disruptions, 

temporary loss of capacity and punctuality problems. The goal of an accurate prediction of 

performance rates, delay propagation and congestion levels is to understand system 

behaviour. It also seeks to anticipate the required corrective measures to facilitate airport 

and air traffic operations. In this sense, causal models (such as the methods proposed in this 

study) help to identify precursors for irregular operations and uncertainty in flight 

procedures, increasing the predictability and reliability of the system [345], [346]. 

The airport arrival system is defined by the processes, stakeholders, infrastructures and 

external conditions involved in the arrival of an aircraft at an airport [27], [112]. 

Uncertainty with respect to the circumstances of the approach (e.g. aircraft performance, 

air traffic procedures, weather conditions) introduce a certain degree of randomness in 

airport arrivals and makes traffic supply a stochastic-like queue sequencing and merging 

problem. To ensure continuous traffic demand at airports and maximise infrastructure 

usage, a minimum level of queuing is required. However, additional time in holding is 

detrimental to operational efficiency, fuel consumption and environmental sustainability 

[8], [44], [55]. Therefore, there is a trade-off between approach efficiency and runway 

throughput (capacity). Arrival operations also depend on the times when flights are 

scheduled and, as such, constitute a time-varying system [12], [28], [161]. The combined 

stochastic and time-varying nature of the arrival system creates a set of “dynamics” that 

affect the way airlines, ANSPs and airports manage their operations [31], [163], [164]. 
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To include these particularities in the analysis, we propose using a probabilistic 

approach, based on a Bayesian Network (BN) structure. The aim of this approach is to 

manage uncertainty and reflect the complex non-linear relationships between factors. 

Bayesian Networks (BNs) have proven to be an excellent method to face operational 

problems for different reasons [80], [347]: 

(a) their construction allows combination between data and expert knowledge; 

(b) inference can be performed efficiently in models with a large number of variables 

(capturing the impact of independent variables on the outcome variables); 

(c) they develop a probabilistic approach to manage uncertainty and assess decision 

making, which is consistent with the treatment of stochastic processes; 

(d) they allow cross-inference for deriving conclusions under uncertainty, where 

multiple sources of information and complex interaction patterns are involved; and 

(e) their structure is based on a well-established theoretical foundation of probability 

calculus and decision theory and hence provides mathematically coherent methods. 

When assessing the performance of airport arrival operations, the system can be 

considered to be an architecture with two main indicators: the level of congestion 

(percentage of the total capacity “used”) and the arrival delay. These elements describe the 

arrival operational state [12], [27], [35], [43]. The performance rates of both the elements 

(congestion, delay) and the system itself (arrival operations) can range from perfect 

functioning up to complete failure. Therefore, we need a broader approach than the 

traditional binary concept ("working" state and "complete failure" state). For most 

reliability applications, binary modelling should be sufficiently accurate. Therefore, and for 

the sake of simplicity, this has been the traditional approach for reliability theory [348]. 

Nevertheless, for certain types of applications, such as transportation infrastructures, a 

multistate approach is usually required for the system and its components (allowing them 

to have an arbitrary finite number of states), so it can reflect their complex and granular 

operation [209]. Airports are transportation systems, which have different components and 

performance levels, and where we cannot formulate an “all or nothing” type of failure 

criterion (the main shortcoming of binary-state reliability models). Failure of some of the 

system elements may lead, in these cases, only to performance degradation, and a binary 

model (100%, 0%) would be a poor representation of the system. In this study we develop 

a reliability analysis based on a Multi-State System (MSS) model, which identifies the 

different performance rates. Moreover, this reliability analysis is performed using a Markov 

chain structure, and thereby takes the stochastic nature of the problem into consideration. 

Therefore, the proposed MSS consists of multiple multi-state components, which 

degradation follows a Markov process. The transition intensities of the multi-state 

components between any pair of states and the state probabilities are calculated using real 

data from the peak traffic months at a European airport. The aim is to capture the 

degradation dynamics of the airport arrival system. Probabilistic approaches are common 

in the risk assessment of complex engineering systems, nevertheless it is usually difficult to 

combine empirical data with expert knowledge of the problem [168]. In this study, a novel 

approach based on BNs and Markov processes has been used. The combination of these 
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Bayesian and Markov methods merges prior expert knowledge with real data to obtain 

posterior distributions of transition intensities [168], [169]. Adaptive and stochastic 

methods can be a useful tool for solving airport operational problems [170]. In this sense, 

the model adapts its results to the varying nature of the sources of uncertainty, learns from 

new data and includes a feedback control rule to take changes in conditions or operational 

shocks into consideration. Furthermore, this approach marks an evolution from the 

traditional corrective view regarding reliability analysis (act when the system is degraded) 

to a predictive perspective (act when the system is providing signs of malfunction, before it 

reaches degradation). Therefore, this vision highlights the system’s ability to maintain 

performance (or recover tolerable rates) under varying conditions. 

The development of accurate prediction models for flight delays (and their impacts on 

the system’s reliability) has become a key issue in air traffic management, due to the tight 

schedules that govern the complex air traffic network architecture [26]. In relation to delay 

propagation throughout the air transport system, many studies have shown the complexity 

of the network [31], [163], [171] and the potential impact of delays on the system’s 

reliability and ability to recover [172]–[176], [349]. The inherent complexity of delay 

propagation and the intrinsic challenges in predicting system behaviour explain the use of 

different modelling techniques: queuing theory [31], [178], stochastic delay distributions 

[179], propagation trees [165], [180], [181], periodic patterns [182], chain effect analysis 

[183], random forest algorithms [59], statistical approaches [184], non-linear physics [185], 

phase changes [186] and dynamic analysis [120]. 

Bayesian Networks and Markov-chain models have previously been used to predict 

delay propagation in in-flight scenarios [191], [350], [351] or airport/aviation networks 

[57], [189], [192]. These in-flight and network analyses provide a global view of the delay 

transmission process [164]. Nevertheless, a significant portion of these propagations (45% 

in 2016 according to [40]) occurs at airports (i.e. the nodes of the system). Airports 

represent a fundamental stage with respect to efficiency, safety, passenger experience and 

sustainable development [27]; although they are also a source of capacity constraints for 

the entire air traffic network [28]. However, delay propagation affecting internal Terminal 

Manoeuvring Area (TMA) and airport processes has received less attention than that 

affecting the entire system [13], [28], [34], [37], [141], [177]. From an air transportation 

system view, a flight could be seen as a gate-to-gate or an air-to-air process: while the gate-

to-gate approach is more focused on the aircraft trajectory flown, the air-to-air process 

concentrates on airport operations to enable efficient performance and reliable operational 

times [19]. Like in other large complex networks, operations at an airport may influence 

other parts of the system through traffic flows [59]. Moreover, constraints at a particular 

airport may cause partial network degradation [12]. Hence, the flight cycle through the 

airport and its surrounding airspace (from inbound to outbound processes) has a significant 

impact on service reliability and uncertainty management within the entire air transport 

network [347]. Potential incidents, failures and delays (due to service disruptions, 

unexpected events or capacity constraints) may propagate throughout the different nodes 

of the network, making it vulnerable [31], [181]. 



6. Uncertainty management 

163 
 

The main contribution of our study with respect to delay prediction and the assessment 

of its impact is to change the focus from a system level to an airport perspective. Moving 

from a network approach to a local view allow us to assess in detail the specific operational 

situation of a system’s node, to evaluate the primary source of perturbations and to improve 

the quality of the prediction. Neyshabouri and Sherry [15] concluded that, once different 

initiatives have successfully decreased airborne and system delay over the two last decades, 

the next opportunity for time-efficiency improvement rely on local airport operations. We 

apply Bayesian Networks and Markov-chain methods to airport arrival operations, as these 

probabilistic approaches are consistent with treatment of stochastic-like processes. The 

time-scale of implementation of the models is limited to a tactical phase (day of operations), 

to consider the primary and initial inefficiencies of the system. 

As mentioned before, to assist in the management of the arriving flow, the AMAN system 

requires inputs for different values, such as delay or landing rate, which are time-varying 

and depend on the operational scenario [12]. The manual inputs to the AMAN system 

include: landing rate, separation on final approach, cadence of landing for a runway, or 

“slots” to block a runway for a specified length of time [342]. This study does not aim to 

provide new methods for sequencing the flow of arriving traffic, but to improve the 

information on delay and capacity needed as input to the model (i.e., to manage these 

uncertainties). Currently, the inputs for in-block delay and arrival congestion are average 

values and static predictions [342]. The gap that the study aims to address is to arrive to a 

better and more systematic assessment of the arrival operational situation. A key element 

of airport and air transport efficiency is to facilitate AMAN decision-making. This we do by 

managing and visualizing uncertainty [352]. 

In terms of the spatial influence, AMAN systems are also used as “metering” tools, 

assisting ANSPs in regulating the flow of traffic into Terminal Manoeuvring Areas (TMAs) 

surrounding busy airports [353]. Moreover, Extended Arrival Management (E-AMAN) 

systems are being implemented with the objective of supervising arrivals in a wider area of 

influence [111], [126]. Therefore, the spatial boundary of this study is not only the airport 

but also beyond, in order to take both the Arrival Sequencing and Metering Area (ASMA) 

and potential holding patterns into consideration. The ASMA is defined as a virtual cylinder 

with a 40 NM radius around the airport, but it can be extended to 100 NM in some analyses. 

The actual time spent by a flight between its last entry into the cylinder (entry-time at 40 

NM upstream) and the actual landing time (ALDT) is denoted ASMA transit time. The 

additional ASMA time is a proxy for the average arrival runway queuing time on the inbound 

traffic flow, during congestion periods at airports. It is the difference between the actual 

ASMA time of a flight and a statistically determined unimpeded ASMA time based on ASMA 

times in periods of low traffic demand [42]. 

The model and results of this case study aim to contribute to the field of predictability 

and reliability in the event of operational uncertainty. We have applied this model to the 

airport arrival management system, however, it could also be extended to other stages of 

airport operations. The methodology may be useful to air navigation service providers, 
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airport operators and policy makers to draw conclusions and derive operational strategies 

regarding arrival management. 

6.4.2 Data and methodology 

The analysis is divided into two steps. First, we develop a probabilistic causal model, 

which takes the interactions between the different uncertainty sources affecting arrival 

operations into consideration. This model is based on a Bayesian Network (BN) approach 

and aims to predict the airport’s level of congestion and delay. The second part of the 

methodology develops a reliability model. It follows Multi-State Systems (MSS) theory, and 

it is studied based on Markov processes. Figure 6-33 illustrates the rationale behind the 

analysis. Once the operational situation and the sources of uncertainty (u0, …, un) have been 

defined, the BN model predicts the level of arrival delay (G1) and congestion (G2), which 

characterises the system’s initial state [G0 = (G1
0, G2

0)]. This is the input for the MSS model, 

which offers several results about the system performance according to the reliability 

analysis; one of the main outputs of this analysis is the system’s stationary state resulting 

from its evolution over time [Gn = (G1
n, G2

n)]. If some corrective actions (a0, …, an) are taken 

(e.g. increase resource allocation or use extra time to absorb delays), the operational 

situation may change, and the calculation process iteratively adapts the solution. The 

methodological approach of the study focuses on predictive analytics (i.e., prediction and 

assessment problems). Prescriptive optimisation (i.e., development of the feedback control 

loop) will be addressed in future work. 

 

 

Figure 6-33. High level methodology for the analysis. The methodological approach is marked in bold. 

The arrival congestion and delay assessment method are applied to a case study at 

Adolfo Suárez Madrid-Barajas Airport (LEMD). The observation period is July and August 

2016, when 37,839 aircraft arrivals were registered at LEMD. The data preparation phase 

covers all activities required to produce the final dataset from the initial raw operational 

and meteorological data provided by the airport. This includes locating and refining 

erroneous measurements. We assessed 36,066 final valid observations. This data includes 

operational timestamps, meteorological features, aircraft and airline information, flight and 

route details and airport configuration (Table 6-15). Due to the operational characteristics 

of the airspace around LEMD, that shape the distance for holding patterns, two ASMAs are 

considered: radii of 40 NM and 60 NM. 
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Figure 6-34 shows the two ASMAs studied, along with the flight plan data and the radar 

track (including a holding pattern) for a flight approaching LEMD. 

Table 6-15. Information included in the final dataset (obtained, or derived, from raw data). 

Type of data Information 

Airport infrastructure 
• Runway configuration (north/south). 

• Runway arrival declared capacity. 

Airline, aircraft and 
route 

• Operator type (Low Cost Carrier/Network/Cargo/General Aviation). 

• Wake turbulence category (Super Heavy/Heavy/Medium/Light). 

• Flight origin (Domestic/European/Long Haul) 

Operational times 

• Time frame (morning/midday/evening/night). 

• Taxi-in delay (excess in taxi-in time): actual - scheduled taxi-in time. 

• Arrival delay (In-Block delay): SIBT (Scheduled In-Block Time) -
AIBT (Actual In-Block Time). 

Arrival capacity 
congestion 

• Arrival Sequencing and Metering Area (ASMA) additional time at 60 
NM and 40 NM. This metric reflects the average arrival runway 
queuing time on the inbound traffic flow, during periods of 
congestion. 

• Congestion at 60 NM and 40 NM (for each flight, the congested level at 
60 NM / 40 NM is the total number of aircraft in the landing queue, 
ahead of the aircraft in question, when the flight reaches ASMA 60 NM 
/ ASMA 40 NM). 

• Holdings 

• Arrival congestion index (ratio of aircraft that have landed in the 
preceding hour to the airport’s declared arrival capacity). 

Throughput (airspace 
and airside) 

• 60 NM throughput and 40 NM throughput (movements per hour). 

• Arrival throughput - landing rate (movements per hour). 

Meteorology 
• Wind (direction and intensity) 

• Clouds (type and amount). 

 

Figure 6-34. The two ASMA considered (40 NM and 60 NM) and holding pattern for a flight 
approaching LEMD. 



6. Uncertainty management 

166 
 

To understand the arrival operational behaviour at LEMD we perform an initial analysis. 

Figure 6-35 (a) shows the demand profile versus the declared capacity of the airport for the 

22 July 2016 (a busy Friday with no significant disruptions in the network). To identify a 

representative day regarding traffic analysis we used IATA’s definition of the design day (or 

busy day), i.e., the second busiest day in an average week during the peak month [284]. This 

is the most relevant period for airport design and operational planning [270], [284]. Figure 

6-35 (b) illustrates the evolution of arrival average hourly delay throughout the day (with 

intervals of one standard deviation), for the complete sample of operations (July and 

August). Month-of-year variations will have an impact on traffic volume and traffic 

distribution throughout the day (hour-of-day fluctuations). In winter, LEMD has fewer 

aircraft movements and smaller traffic peaks (i.e., traffic is more evenly distributed 

throughout the day) [246]. Therefore, in winter, LEMD experiences less congestion and 

fewer delays [40]. For this reason, we concentrate the analysis on the summer period. The 

underlying pattern in arrival demand is influenced by the airport hub time-windows. As 

such, there are three peak periods (morning, midday and late evening) that drive congestion 

dynamics. Arrival delay has two peaks: a smaller one at midday and a larger one at night-

time. Moreover, due to the network effect, arrival delay increases and accumulates 

throughout the day. Therefore, the time of day is an essential variable when assessing the 

behaviour of congestion and delay. In Figure 6-35, time is shown in Coordinated Universal 

Time (UTC). During summer (observation period), local time in Madrid is “UTC + 2 hours”. 

 
(a) 

 
(b) 

Figure 6-35. (a) Arrival demand and capacity profile for 22 July 2016 and (b) Evolution of average 
hourly arrival delay (min/op) throughout the day for the complete sample (the error bars 

denote intervals of one standard deviation). 

6.4.2.1 Model for predicting the airport’s congestion index and arrival delay 

The methodology for predicting airport arrival congestion and delay is developed using 

a Bayesian Network (BN) approach. As introduced in Section 6.2, BNs are graphical 

probabilistic models used for reasoning under uncertainty [93], [299]. This technique has 

proven to be an effective tool for risk assessment, resource allocation and decision analysis 

[300]. Moreover, BNs have unique strengths with respect to cross inference and 

visualisation [83] and have previously been used to tackle air transport issues [57], [301]–

[303], [305]. 
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Korb and Nicholson [346, p.22] state that the ultimate goal of BNs Bayesian Networks is 

to “produce a thinking agent which does as well or better than humans in such [reasoning] 

tasks, which can adapt to stochastic and changing environments, recognise its own limited 

knowledge and cope sensibly with these varied sources of uncertainty”. BNs provide a 

means of capturing existing knowledge about a domain, learning the stochastic properties 

of that domain and thereby adjusting its model of the domain over time. A BN is a Directed 

Acyclic Graph (DAG), in which each node denotes a random variable, and each arc denotes 

a direct dependence between variables (nodes that are not connected symbolise variables 

that are conditionally independent of each other). The DAG that results from the 

construction of a BN is quantified via a series of conditional probabilities based on data or 

information about the system or problem. Causal relationships in BNs are related to belief 

propagation and independence between nodes (how a change of certainty in one variable 

may change the certainty for other variables) [81], [101]. each node is associated with a 

probability function that takes (as input) a particular set of values for the node's parent 

variables, and gives (as output) the probability (or probability distribution, if applicable) of 

the variable represented by the node [82]. Therefore, the structure of the BN (nodes and 

arcs) encodes conditional dependence relationships between the random variables. Each 

random variable is associated with a set of local probability distributions (parameters in 

the Conditional Probability Tables (CPT)). Probability information in a BN is specified via 

these local distributions [83]. Consequently, a BN is a pair (G, P), where G is DAG defined on 

a set of nodes x (the random variables), and P = {p (x1│π1), …, p (xn│πn)} is a set of n 

Conditional Probability Densities (CPD), one for each variable. πi is the set of parents of node 

xi in G. The set P defines the associated joint probability density of all nodes as (the chain 

rule for BNs) [80], [299]: 𝑝(𝑥) = 𝑝 (𝑥1, … , 𝑥𝑛) =  ∏ 𝑝 (𝑥𝑖|𝜋(𝑥𝑖)
𝑛
𝑖=1 ). The graph G contains all the 

qualitative information about the relationships between the variables, regardless of the 

probability values assigned to them. Additionally, the probabilities in P contain quantitative 

information, i.e., they complement the qualitative properties revealed by the graphical 

structure [82], [83], [100]. 

BNs aggregate the uncertainty from multiple sources for the purpose of managing the 

system performance and predict the most probable outcome [355]. In our study, the 

variables to be predicted are the arrival congestion index and the in-block delay (which are 

marked in bold in Table 6-15). These are the inputs needed for the AMAN system. The 

congestion index is defined as the ratio of aircraft that have landed in the previous hour to 

the airport’s declared arrival capacity at this hour (𝐶𝐼 =

 
𝑎𝑖𝑟𝑐𝑟𝑎𝑓𝑡 𝑙𝑎𝑛𝑑𝑖𝑛𝑔 𝑟𝑎𝑡𝑒

𝑎𝑟𝑟𝑖𝑣𝑎𝑙 𝑑𝑒𝑐𝑙𝑎𝑟𝑒𝑑 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦⁄ ). This metric is selected to reflect the 

importance of scarce arrival capacity in the airport operational performance [28], [111] (i.e., 

the arrival congestion index is defined as the landing rate over the declared capacity; this 

metric enables us to evaluate the theoretical saturation of the airport). Landing rate is only 

a good indicator of airport throughput if demand is sufficient and aircraft are queuing. 

However, we are not using this measure to evaluate airport throughput (we are not 

optimizing the airport slot allocation). Rather we use it to understand potential saturation 

problems, in other words to assess the capacity and demand balance. The runway 
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“declared” capacity is the maximum number of aircraft operations during a given period of 

time (i.e., one hour), when the average delay imposed on each aircraft movement does not 

exceed a pre-set tolerance [9], [62]. While “declared” capacity is an administrative quantity 

for slot allocation, “practical” capacity is an operational measure of airport throughput. 

Although “declared capacity” does not necessary correspond to the true operating capacity 

of the airport, we use this concept as it takes delay management and certain external 

constraints (including environmental issues) into account. The model is intended to be 

applied in real time, therefore it should be useful to have more granular sources of 

information available (e.g., good/poor weather) that would lead to refined estimates of 

capacity. This limitation of the study will be addressed in future works, where the impact of 

weather on declared capacity will be implemented. Meanwhile, in-block delay is calculated 

as the difference between the Actual In-Block Time (AIBT) and the Scheduled In-Block Time 

(SIBT). This indicator is the most transparent indicator regarding arrival delays and the one 

that is most relevant to customers [8], [182], [190]. Moreover¸ ICAO recommends that 

predictability metrics should compare actual flight time to the scheduled flight time, since 

the scheduled time includes the amount of expected delay at a targeted dependability 

performance [45]. Note that delays are defined as schedule delays, therefore some delays 

may be “negative”. Schedule delays are common occurrences in airline and airport 

operations, given the multiple agents involved, the stochastic nature of operating times, and 

the unexpected disruptions in tasks. “Negative” delays (early arrivals) occur when the 

schedule is running close to plans and can cause issues for airport operations; e.g., 

disrupting the sequencing of flights and the allocation of resources (gates, handling 

equipment), especially during peak hours at busy airports [12]. “Positive” flight delays often 

cause significant problems for stakeholders involved; e.g., they affect the operational and 

financial performance of airports and airlines, schedule adherence and use of resources, 

passenger experience and satisfaction, and system reliability [1], [12]. 

6.4.2.2 Model for assessing degradation of the arrival system 

The previous BN model predicts the arrival system’s state (congestion index and in-block 

delay) given the operational situation. From this initial state, a reliability analysis based on 

Multi-State Systems (MSSs) theory provides us with the characteristics and evolution over 

time of the system. AS introduced in Section 6.3, an MSS is defined as a structure where both 

the components and the entire system are allowed to have an arbitrary number of 

performance levels [293]. In the binary concept of traditional reliability theory, components 

and systems can only be in two states ("working" state and "complete failure" state). 

Nevertheless, in many real situations, components and systems can also be in a variety of 

working (or failure) states. Furthermore, some systems can perform their tasks with 

various levels of efficiency, usually referred to as performance rates [211]. Such systems, 

which have a finite number of performance rates, are called MSSs [209], [320], [321]. In 

complex systems with controllable reliability (multi-state reliability systems), any complete 

failure does not occur suddenly but is usually a result of the accumulation of a sequence of 

many gradual/partial failures of different types [322]. The difficulty in analysis arises from 
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the non-binary nature of the system and its components, and the dependence between those 

multiple states [323]. 

The airport arrival system can be considered an MSS, as the performance rates of both 

the elements and the system itself can range from perfect functioning to complete failure. 

Moreover, partial failures of the elements can lead to complete failure of the system. 

The characteristics of the different elements that comprise an MSS should be known in 

order to analyse the behaviour of the MSS [209], [211], [294]. Any system element i can have 

ki different states corresponding to the performance rates (gi), represented by the set: 𝑔i =

{𝑔𝑖1, 𝑔𝑖2, … , 𝑔𝑖𝑘𝑗
}, where gij is the performance rate of element i in the state j, with j ∈ {1,2, ..., 

kj}. The performance rate of an element i at an instant t (Gi(t)) is a random variable that 

takes its values from the sets of possible states (gi). Therefore, for the MSS period of 

operation, the performance rate of element i is defined as a stochastic process. If the 

performance of the element cannot be measured by a single value, but by a vector, the 

performance of the element is defined as a vector stochastic process. The probabilities 

associated with the different states (performance rates) of the system element i at any 

instant t can be represented by the set: 𝑝i(t) = {𝑝𝑖1(𝑡), 𝑝𝑖2(𝑡), … , 𝑝𝑖𝑘𝑗
(𝑡)}, where pij (t) = P 

{Gj(t)=gij}. 

Since the states of the element comprise the entire group of mutually exclusive events 

(meaning that the element can always be in one and only one ki state): ∑ 𝑝𝑖𝑗(𝑡) = 1
𝑘𝑖
𝑖=1 , for 

any t of the MSS period of operation. The set of pairs gij, pij(t), i = 1, …, ki completely 

determines the probability distribution of performance of the element i at any instant t. The 

behaviour of binary elements (elements with only two states: normal and total failure) can 

also be represented as a specific case of the performance distribution. When an MSS consists 

of n elements, its performance rates are unambiguously determined by the performance 

rates of these partial elements: at each moment, the system elements have certain 

performance rates corresponding to their states. The state of the entire system is 

determined by the states of its elements [324]. Therefore, the definition of an MSS model 

should include the performance stochastic processes for each system element i: Gi (t), with 

i = 1, … , n; and the system structure function that produces the stochastic process 

corresponding to the output performance of the entire MSS: G(t) = φ (Gi(t), … , Gn(t)). 

Due to the random and time-varying nature of arrival operations, the MSS system 

reliability model is studied based on a stochastic process approach. Specifically, a stochastic 

process is called a Markov process if the probabilities of the random variable at time t > tn 

depend on the value of the random variable at tn but not on the realisation of the process 

prior to tn; i.e. state probabilities at a future instant, given the present state of the process, 

do not depend on the states occupied in the past. When the system state space, S, is discrete, 

then the Markov process is known as a Markov chain. For a discrete and countable state 

space, we can assume without loss of generality that S = {0, 1, 2, 3, ...}. If the parameter space, 

T (usually time), is also discrete, T = {0, 1, 2, 3, ...}., then we have a discrete-time Markov 

chain. These conditions are fulfilled in our study, where the parameter space is defined by 
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the arrival operations. A Markov chain {X(n), n = 0, 1, 2, ...} is described by a sequence of 

random variables X(0) = x0, X(1) = x1,… X(n) = xn, where x0 is the initial state. The Markov 

property is defined as 𝑝{𝑋𝑛 = 𝑥𝑛 | 𝑋0 = 𝑥0 , 𝑋1 = 𝑥1, … , 𝑋𝑛−1 = 𝑥𝑛−1} = 𝑝{𝑋𝑛 ≤ 𝑥𝑛|𝑋𝑛−1 = 𝑥𝑛−1}. 

This equation implies that chain behaviour in the future depends only on its present state 

and does not depend on its behaviour in the past. We designate the probability that at step 

n the chain will be in state j as pj (n). Therefore, 𝑝𝑗(𝑛) = 𝑝{𝑋𝑛 = 𝑗}. We also define the 

probability pij (m, n) that the chain makes a transition to state j at step n, if at step m it was 

in state i. This probability is a conditional probability and we can, therefore, write the 

following: 𝑝𝑖𝑗(𝑚, 𝑛) = Pr{𝑋(𝑛) = 𝑗|𝑋(𝑚) = 𝑖} , 0 ≤ 𝑚 ≤ 𝑛), where pij (m, n) is known as the 

transition probability function of the Markov chain [293]. Our problem belongs to the 

theory of homogeneous Markov chains (those in which pij (m, n) depends only on difference 

n-m). If we consider n = 1, the probabilities pij are called one-step transition probabilities. 

In our study we have a finite and countable state space S = {0, 1, 2, ..., M}. Therefore, the one-

step transition probabilities can be condensed into a transition (one-step) probability 

matrix P, where: 

P = [𝑝𝑖𝑗] = [ 

𝑝00 𝑝01 ⋯ 𝑝0𝑀

𝑝10 𝑝11 ⋯ 𝑝1𝑀

⋮ ⋮ ⋯ ⋮
𝑝𝑀0 𝑝𝑀1 ⋯ 𝑝𝑀𝑀

] 

For all i,j ∈ S, 0 ≤ pij ≤ 1 and each row in P adds up to 1, then matrix P is a stochastic matrix. 

The probability mass function of the random value X(0) is called the initial probability row-

vector: 𝑝(0) = [𝑝0(0), 𝑝1(0), … , 𝑝𝑀(0)] and represents the initial conditions of a Markov chain. 

The n-step transition probability matrix is the n-th power of the one-step transition 

probability matrix P(n) = P ∙  P(n − 1) = Pn. Therefore, the probability of the system being 

in a particular state, given n transitions/steps, is defined by the vector: 𝜋𝑛
𝑇 =

[𝜋1,𝑛   𝜋2,𝑛    ⋯    𝜋𝑘,𝑛], where 𝜋𝑘,𝑛 is the probability of the variable being in state k at step n. The 

probabilities of each step can be calculated iteratively by 𝜋𝑛
𝑇 = 𝜋𝑛−1

𝑇 𝑃. 

An equivalent description of the Markov chain can be given by a directed graph called 

the state-transition diagram of the Markov chain.  The Markov chain is constructed by all 

the candidate samples or states. The current state depends only on its adjacent states. The 

steps are often thought of as moments in time, but they can refer to any other discrete 

measurement. Formally, the steps are the integers or natural numbers, and the random 

process is a mapping of these two states. Note that in our case, each step is an arrival 

operation. 

AMAN systems need the input of arrival operational conditions (delay and congestion) 

at a flight level (for optimizing the sequence of aircraft landing). This is the reason why both 

the BN and Markov models consider each step/transition of the system as an arrival 

operation at the airport (so the outputs of the model can be easily embedded into AMAN 

systems). The aggregation of flight level metrics at airport level will be addressed in future 

works, which will study prescriptive optimization (development of the feedback control 

loop). 
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6.4.3 Results and discussion 

This Section shows the practical construction of the models and their application to the 

case study. First, we perform a causal analysis through BN approach, which aims to 

understand the interdependencies between factors influencing arrival performance 

(drivers and predictors). Then, a reliability analysis based on Multi-State Systems (MSSs) 

theory provides us with the characteristics and evolution over time of the system. 

6.4.3.1 Causal model 

A BN can be constructed either manually, based on knowledge and experience acquired 

from previous studies and literature, or automatically from data [80]. In this study, the 

selection of variables is constrained by the availability of data. We use the elements 

introduced in Table 6-15. The variables which could have been used in the study if data 

were available include: (a) information regarding aircraft, e.g., weights and procedures 

(speed and separation of aircraft at different points); (b) operational data (runway 

occupancy time, on-ground taxi routes, parking stand and gate); and (c) air traffic 

controllers’ workload. Specifically, as we already have ASMA transit times and taxi-in times, 

runway occupancy times would allow us to rebuild the complete arrival time sequence. All 

these data will be included in future works. The construction and testing process for the BN 

is shown in Figure 6-36. 

 

Figure 6-36. BN construction and testing process. 

When constructing and testing the BN model, the data is divided into two partial 

datasets. The first one (construction sample) contains 80% of the observations and is used 

to train and validate the model. The remaining 20% (test sample) is used to test the 

generalisation of the model. The process is as follows: 

1. Randomly split the initial dataset (36,066 operations) into construction/building 

and testing sets: 80% construction (28,853 operations) and 20% test (7,213 

operations). 

2. Perform cross-validation on the construction set to fit the model (k-fold with k=10) 

[335]. 

3. Test if results are generalizable, using a test set, which is different to that used to 

develop the model. 

The first step in the process to construct the BN model is to generate the correlation 

matrix for the variables involved, to assess correlation between pairs (regression analysis). 

Nevertheless, correlation does not imply causation [102]. Although in a BN model it is not 
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strictly necessary to have the directed links of the model following a causal interpretation, 

it just makes the model much more intuitive, eases the process of getting the dependence 

and independence relations right, and significantly facilities the process of eliciting the 

conditional probabilities of the model [80]. Therefore, proper modelling of causal relations 

(i.e. the directed links represent causal relationships and not only probabilistic 

relationships) is helpful when constructing the model. For our purpose, causality is 

understood as follows: a variable X is said to be a direct cause of Y if setting the value of X 

by force, the value of Y may change and there is no other variable Z that is a direct cause of 

Y such that X is a direct cause of Z; see Pearl’s work for details [102]. Discretisation of 

variables is based on their statistical characterisation (data distribution). This is a crucial 

step to improving the model’s accuracy, especially with “time” nodes (e. g., when a node 

represents delay at a process, discretisation must ensure we neither lose information nor 

consider too many states). At some “target” nodes (e.g. arrival delay), discretisation takes 

both data distribution and potential operational objectives (e.g. the ±3 minutes threshold 

for punctuality set by SESAR’s performance metrics [312]) into consideration. 

A data-driven process is then used to build the BN. The initial step in the data-driven 

construction of the BN is to determine the network structure (i.e., the connections between 

nodes). This step is known as structure learning. Several candidate networks are created 

using a variety of commonly used structure learning algorithms appropriate for this 

application [82]. Network candidates are judged based on a metric known as Bayesian 

score. A network’s Bayesian score measures how well its structure probabilistically 

represents the data used to build it [80]. It is represented logarithmically, with higher scores 

corresponding to more representative structures. The candidate networks are summarised 

in Table 6-16, along with their Bayesian scores and the algorithm used to create them. The 

selected network is marked in bold. Table 6-16 includes two Naive Bayes networks, which 

have the in-block delay node and the arrival congestion index node, respectively, as the 

direct parent (class variable) to all of the other nodes. 

Table 6-16. Bayesian scores of candidate networks. Certain configurations require a maximum 
number of parents (k) for each node. 

Algorithm Bayesian score 

Greedy Thick Thinning (GTT) with k=5 -1.20329 x 106 

Greedy Thick Thinning (GTT) with k=8 -1.19384 x 106 

Bayesian Search (BS) with k=5 -1.09427 x 106 

Bayesian Search (BS) with k=8 -1.09230 x 106 

Naïve Bayes (in-block delay as class variable) -1.20887 x 106 

Naïve Bayes (arrival congestion index as class 
variable) 

-1.21451 x 106 

Therefore, the data-driven process is completed by applying a Bayesian Search (BS) 

algorithm with k=8 (maximum number of parents for each node) [80], [356]. This algorithm 

essentially follows a hill climbing procedure (guided by a scoring heuristic) with random 

restarts. It is proven to be highly effective in inter-causal propagation problems like the one 

we are facing [95], [309]. The BS algorithm uses the BDeu (Bayesian-Dirichlet equivalent 
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uniform) function as the network scoring function in its search for the optimal graph. It 

measures how well its structure probabilistically represents the data used to build it. This 

scoring function is a common tool for choosing between different statistical models and it 

represents the goodness of fit of the model to observed data [310]. Apart from this scoring 

metric, network candidates are also judged based on several criteria, including network 

structure simplicity (with simpler networks preferred) and the ease with which the 

network could be implemented in simulations of airport arrival operations. Basically, we 

reach a trade-off between simplicity (minimum number of nodes required to perform 

accurate predictions) and the inclusion of all the significant nodes (to be able to appraise 

their influence). The BN model obtained by the data-driven process optimally balances the 

judging criteria outlined above and is represented in Figure 6-37 using the tool GeNIe [356]. 

22 nodes are included, as shown in Table 6-17. Apart from the arrival congestion index and 

the in-block delay (the variables that will shape the subsequent reliability analysis, which 

are highlighted in bold in Table 6-17), the BN model also includes different uncertainty 

sources (weather conditions, infrastructure configuration and operator characteristics) and 

variables related to capacity and delay. The thickness of an arc represents the strength of 

influence between two directly connected nodes. We use two measures of distance between 

distributions to validate results: Euclidean and Hellinger [357]. If we define P and Q as two 

discrete probability distributions: 

𝑃, 𝑄 ∈  {(𝑝1, 𝑝2, … , 𝑝𝑛)|𝑝𝑖 > 0,∑𝑝𝑖 = 1

𝑛

𝑖=0

} , 𝑛 > 1 

The Euclidean distance is defined as [357]: 

𝐸(𝑃, 𝑄) = √∑(𝑝𝑖 − 𝑞𝑖)
2

𝑛

𝑖=1

 

If P and Q are two points in some N-dimensional space, this metric calculates the actual 

spatial distance between the two points. When used with discrete probability distributions, 

where the sum of all elements is always equal to one, the value of this measure ranges from 

0, when there is no difference, to √2, the maximum difference. The Euclidean distance is a 

symmetric measure. We can transform the Euclidean distance to the [0, 1] range through a 

linear transformation: 

𝐸𝑛𝑜𝑟𝑚(𝑃, 𝑄) =
𝐸(𝑃, 𝑄)

√2
 

Hellinger distance is defined as [357]: 

𝐻(𝑃, 𝑄) = √∑(√𝑝𝑖 − √𝑞𝑖)
2

𝑛

𝑖=1
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The value of this measure ranges from 0 to √2. The Hellinger distance is more sensitive 

when approaching 0 or 1, as opposed to the Euclidean distance. The Hellinger distance is 

also symmetric and we can, again, define a linear transformation to convert it to the [0, 1] 

range: 

𝐻𝑛𝑜𝑟𝑚(𝑃, 𝑄) =
𝐻(𝑃, 𝑄)

√2
 

While Euclidean distance focuses on the absolute differences between probabilities, 

Hellinger distance is sensitive to relative differences [358]. 

 

Figure 6-37. BN model built from the data-driven process. 

Table 6-17. List of nodes (variables) included in the BN. 

Node 
number 

Meaning 
Node 
number 

Meaning 

1 Throughput 60 MN 12 Wind speed 

2 Congestion 60 MN 13 Runway configuration 

3 ASMA additional time 60 MN 14 Operator (air carrier type) 

4 Throughput 40 MN 15 Flight origin 

5 Congestion 40 MN 16 Wake turbulence category 

6 ASMA additional time 40 MN 17 Arrival throughput (landing rate) 

7 
ASMA additional time 40 MN 

(for the previous hour) 
18 Time frame (time of day) 

8 Number of holding patterns 19 Runway arrival declared capacity 

9 Type of clouds 20 

Arrival congestion index 

(landing rate/arrival declared 

capacity) (*) 
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Node 
number 

Meaning 
Node 
number 

Meaning 

10 Quantity of clouds 21 Taxi-in delay 

11 Wind direction 22 In-Block delay (AIBT-SIBT) 

(*) Based on the Spanish Airport Regulation Document [359], the declared capacity for LEMD is 

defined to be 90% of the maximum runway throughput (maximum number of aircraft movements 

that can be handled in a given period under conditions of constant demand and without considering 

a pre-set delay tolerance). 

Congestion at ASMA 60 NM and ASMA 40 NM for each flight (nodes #2 and #5 of the BN) 

is defined as the number of flights landed between the aircraft’s entry time to the ASMA and 

its own landing (excluding the aircraft’s own landing); i.e., for each flight the congestion 

level is calculated as the number of aircraft ahead in the landing queue (excluding the 

aircraft itself). Throughput at ASMA 60 NM and ASMA 40 NM for each flight (nodes #1 and 

#4 of the BN) is defined as the number of aircraft that have landed in the hour before the 

aircraft Actual Landing Time (ALDT). 

With respect to the specifications of variables, Table 6-18 gives basic statistical 

information for the metrics included in the BN. All selected nodes represent discrete 

quantities, and the discretisation cut-offs of the nodes are also summarised in Table 6-18. 

Table 6-18. Discretised variables included in the BN, along with basic statistical information. 

# Metric (units) Discretisation 
Mean value 

(μ) 

Standard 
deviation 

(σ) 

1 Throughput 60 MN (aircraft) ≤10, 10-20, 20-30, 30-40, ≥40 29,4352 9,4325 

2 Congestion 60 MN (aircraft) ≤10, 10-20, 20-30, 30-40, ≥40 10,4925 5,2634 

3 
ASMA additional time 60 MN 

(min) 
≤0, 0-5, 5-10, ≥10 2,8688 3,8300 

4 Throughput 40 MN (aircraft) ≤10, 10-20, 20-30, 30-40, ≥40 29,4409 9,4304 

5 Congestion 40 MN (aircraft) ≤10, 10-20, 20-30, 30-40, ≥40 7,3324 3,6579 

6 
ASMA additional time 40 MN 

(min) 
≤0, 0-5, 5-10, ≥10 1,2146 2,1690 

7 
ASMA additional time 40 MN 

(for the previous hour) (min) 
≤0, 0-3, 3-6, ≥6 2.5062 3.9772 

8 Number of holding patterns (-) 0, 1, 2, ≥2 0,1685 0,4364 

9 Type of clouds (-) 
None, Cumulonimbus, 

Towering cumulus 
- - 

10 Quantity of clouds (-) Broken, Few, Null, Scattered - - 

11 Wind direction (-) 
North, North-East, North-
West, South, South-East, 

South- West, West, Variable 
- - 

12 Wind speed (kt) ≤5, 5-10, 10-15, ≥15 5,1200 3,3683 

13 Runway configuration (-) North, South - - 
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# Metric (units) Discretisation 
Mean value 

(μ) 

Standard 
deviation 

(σ) 

14 Operator (air carrier type) (-) Cargo, Low Cost, Network - - 

15 Flight origin (-) 
Domestic, Intra-European, 

International 
- - 

16 Wake turbulence category (-) 
Super Heavy, Heavy, Medium, 

Light 
- - 

17 
Arrival throughput (landing 

rate) (aircraft/hour) 
≤10, 10-20, 20-30, 30-40, ≥40 27,3624 9,0357 

18 Time frame (-) 
Morning (6-11), Midday (11-
13), Evening (13-20), Night 

(20-6) 
- - 

19 
Runway arrival declared 
capacity (aircraft/hour) 

21, 27, 29, 52 49,3972 8,1298 

20 Arrival congestion index (-) 
0-20, 20-40, 40-60, 60-80, 80-

100 
54,9918 16,0118 

21 Taxi-in delay (min) ≤(-5), (-5)-0, 0-5, ≥5 0,1930 2,2147 

22 
In-Block delay (AIBT-SIBT) 

(min) 
≤(-15), (-15)-(-3), (-3)-3, 3-15, 

≥15 
8,2106 34,6434 

The next step consists of refining the network structure by taking the judgment of 

experts (detailed in Table 6-19) into account. We interviewed experts from airlines, airport 

operators, air navigation service providers, regulators and ground handlers; each for a 

period of one or two days each. The interviewed explained aspects related to procedures 

and operational interactions and answered questions in semi-structured interviews [326]. 

The main inputs from experts relate to connections between nodes and causal inference in 

arrival operations. 

The final architecture presented in Figure 6-38 (depicted using the tool GeNIe) is hence 

determined by applying the BS algorithm (including variable discretisation and validation) 

and then refining the structure by using the information gleaned from the subject-matter 

experts (the network’s arcs were remodelled according to their inputs). We removed all 

arcs that had a strength of influence below a threshold setting or that, according to the 

experts, were not significant in terms of causal inference. For instance, although the 

influence between nodes #9 (type of clouds) and #10 (amount of clouds) is the strongest, 

the arc between those nodes was removed in the final network validated by experts. The 

network modified by experts does not show this relationship because, from a causal point 

of view [80], [102], what is significant for the operational problem is the influence of "cloud 

type" (node #9) and "number of clouds" (node #10) on "number of holding patterns" (node 

#8). The mutual influence of the two meteorological nodes (#9 and #10) is not important 

for our analysis (it is included implicitly through node #8). In addition, reducing the number 

of arcs simplifies calculation. 
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Therefore, our model is a data-driven process suitably adjusted with expert knowledge 

to reflect reality. We carried out a statistical significance test on pairs of nodes connected 

by an arc in the BN: associations between the nodes are statistically significant at level 0.02 

(p-value). P<0.02 indicates strong evidence against the null hypothesis [360]. 

Table 6-19. List of interviewees and contributors. 

Organisation Stakeholder 

AENA – Spanish Airport Authority and Airport 
Manager 

Airport operator 

IBERIA – Member of International Airlines Group 
(IAG) 

Airline 

ENAIRE – Spanish Air Navigation Service Provider Air Navigation Service Provider (ANSP) 
IBERIA Airport Services Ground Handling Agent 
DGAC – Spanish General Directorate of Civil Aviation 
(a public body answerable to the Ministry of Public 
Works) 

Policy maker – Regulator 

 

Figure 6-38. BN model to understand the interdependencies between factors that influence airport 
arrival congestion and delay. 

We performed a k-fold cross-validation procedure for the BN model [79]. The original 

construction (building) sample is partitioned into k equal sized subsamples. Of the k 

subsamples, a single subsample is retained as the model validation data, and the remaining 

k – 1 subsamples are used as model training data. The training and validation subsamples 

are randomly selected from the complete dataset. We set k=10; therefore, a sub-sample of 

90% of the observations is selected to train/build the model structure (i.e. establish the 

model’s ability to explain delay propagation). The remaining 10% of the data is set aside to 

validate the accuracy of the predictions made by the model (i.e. validate the model’s 

predictive capacity). The cross-validation process is then repeated k times (the folds), with 

each of the k subsamples used once as validation data. Figure 6-39 shows the Receiver 

Operating Characteristic curves (ROCs), which illustrate the model’s diagnostic ability (for 

the arrival congestion index node) by plotting the true positive rate against the false positive 
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rate at various threshold settings [79], [313], [356]. The ROC curve is created by plotting 

the true positive rate (TPR) against the false positive rate (FPR) at various threshold 

settings. The TPR is also known as sensitivity, recall or probability of detection in machine 

learning. The FPR is also known as the fall-out or probability of false alarm and can be 

calculated as (1 − specificity) [76], [313], [361]. The best possible prediction method would 

yield a point in the upper left-hand corner [coordinate (0,1)] of the ROC space, representing 

100% sensitivity (no false negatives) and 100% specificity (no false positives)26. Points 

above the diagonal line represent good classification results (better than random). 

 
(a) 

 
(b) 

Figure 6-39. ROC curves for the for the arrival congestion index node: (a) values between 60% and 
80%; (b) values between 80% and 100%. 

The results from the scenarios analysed are promising as regards the model’s ability to 

manage uncertainty (by predicting the level of congestion and in-block delay). The average 

accuracy of the model when predicting the arrival congestion index is 83% (see Table 6-20). 

The biggest error appears in cases with extreme values, where the size of the sample is 

limited. Table 6-21 shows the confusion matrix for the same node: the rows illustrate the 

number of observations for each category recorded at the dataset, while the columns give 

the number of predictions for each category (i.e., the confusion matrix shows the validation 

result in terms of the number of records correctly and incorrectly classified). Therefore each 

row of the matrix represents the instances in an actual class while each column represents 

the instances in a predicted class [361]. The diagonal shows cases where the model has 

correctly predicted the result. We see that the model tends to over-estimate the value of the 

                                                            

 

26 Type I error represents a false positive, while Type II represents a false negative. Type I error is falsely 
inferring the existence or reality of something that is in fact not real or does not in fact exist (i.e., 
conforming to common belief with false information), while a Type II error is to falsely infer the absence 
or non-existence of something that is real or does exist (i.e., a conclusion going against the common belief 
with false information). 
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congestion index, i.e., it gives a conservative result. The main error arises for the category 

“index below 20%”, due to the reduced size of the sample in this range. The accuracy of the 

model when predicting in-block delay is similar, with an average value of 84%. Again, the 

main errors occur in categories with extreme values, where the sample size is limited. 

Table 6-20. Accuracy (arrival congestion index node). 

Range for the node 
values (categories) 

Accuracy (ratio of the predicted cases to the real number of observed 
cases in this category)  

Global (0%-100%) 0.835 (24.104/28.853) 

Below 20% 0.043 (13/300) 

20%-40% 0.766 (3.794/4.952) 

40%-60% 0.853 (10.041/11.776) 

60%-80% 0.881 (8.990/10.207) 

80%-100% 0.784 (1.266/1.614) 

Table 6-21. Confusion matrix (arrival congestion index node). 

  Predicted values 

  Below 20% 20%-40% 40%-60% 70%-80% 80%-100% 

A
ct

u
a

l 
v

a
lu

e
s 

Below 20% 13 287 0 0 0 

20%-40% 2 3.794 1.160 0 0 

40%-60% 1 233 10.041 1.501 0 

60%-80% 0 0 101 8.990 1.116 

80%-100% 0 0 15 333 1.266 

Accuracy, ROC curves and the confusion matrix illustrate the goodness of fit of the model 

to the observed data. Note that Accuracy and Area Under Curve (AUC) are complementary 

validation results/metrics. Each of them represents a different output and can, therefore, 

provide different relative results for each category. “Accuracy” measures the overall ability 

of the model to make accurate predictions. In other words, it is a measure of the number of 

“correct” predictions the model has made during the validation process. However, it does 

not take the order in which the different records have been sampled into account. “AUC” is 

the probability of having a true positive instead of a false positive, when sampling a 

particular record. As we construct the ROC curve, we are continuously validating more 

samples (in a random order). Consequently, the model has a bigger learning experience 

when predicting states, and as a result, the probability of having a true positive increases. 

Therefore, AUC is not an absolute measure of prediction accuracy, but rather varies 

depending on the decision criterion and the sampling order. The ROC curve is capable of 

showing the possible accuracy ranges. The decision criterion applied is just one point on the 

curve (in our case, this decision is based on the most likely state). Choosing a different point 

will result in a different sensitivity and specificity and will, therefore, give a different overall 

accuracy. The ROC curve gives insight into how much we have to sacrifice one in order to 
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improve the other, and it shows the theoretical limits of accuracy of the model on one plot 

[335]. 

The BN can be used to manage uncertainty. Backward analysis (in which we set a target 

value for delay and/or congestion index) allows us to find the main drivers for a specific 

output. For example, if we set the in-block delay node to more than 15 min and the 

congestion index to more than 80%, we obtain the following probabilities: 41% for night 

flight -between 20:00 and 06:00 local time-, 34% for wind speed between 5 and 10 kt, 85% 

for North runway configuration, 70% for a Network Carrier and 67% for an additional 

ASMA 60 NM time between 0 and 5 min). Forward analysis (in which we set the values of 

the nodes that represent the operational situation) allows us to predict the expected level 

of arrival congestion and delay. For example, for a Low-Cost Carrier, operating in South 

runway configuration in the morning, with ASMA 60 NM additional time over 10 min, there 

is a 40% probability for the congestion index to be between 40% and 60% and a 25% 

probability of having an in-block delay over 15 min). Figure 6-40 and Figure 6-41 compare 

real data with predicted outputs for the construction sample. For the real data histograms, 

we use a Kernel density estimation approach to obtain a nonparametric representation of 

the probability density function of the variables [264]. 

 
(a) 

 
(b) 

Figure 6-40. Histograms for in-block delay: (a) actual data; (b) BN predictions. 

 
(a) 

 
(b) 

Figure 6-41. Histograms for arrival congestion index: (a) actual data; (b) BN predictions. 
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After building the BN model, we use the test sample to prove its ability to predict new 

data outside the construction sample; i.e., to show that results can be generalizable. The test 

error gives an average value of 9% for In-block delay and 10% for Congestion index. These 

results are promising when compared to current AMAN estimations of uncertainties [23], 

[341], [342]. We can detect model overfitting by determining whether our model fits new 

data as well as it fits the data used to estimate its structure [79]. For instance, with regard 

to “congestion index”, the average training accuracy was 84%, while the average test error 

was 10%. There is not a large discrepancy between the training and the error scores, i.e., 

our model predicts new observations as well as it fits the original dataset. Therefore, we are 

not overfitting the model and results can be generalizable. This demonstrates the BN ability 

in terms of predictive power. Moreover, in contrast to other predictive methods, the BN 

structure enables to elicit the interdependencies between factors contributing to airport 

performance. 

The BN model is based on a probabilistic technique. The different nodes are discretised 

into different states/intervals, with different associated probabilities. The BN model 

“predicts the intervals" of in-block delay and congestion index rather than specific values. 

Note that during the test process, for each record we choose the state of the class node with 

the highest overall probability. When comparing the actual data and the prediction provided 

by the BN model, there is an inherent error due to the size of the intervals. To adopt a 

conservative approach, when calculating the test error we considered the difference 

between the actual observation and the furthest limit of the range. The width of the intervals 

is set according to the following operational targets: 

• In- block delay - 3 min and 15 min punctuality thresholds. 

• Congestion index - 0-20-40-60-80-100% saturation levels. 

Subject-matter experts validated the suitability of these state distributions (Table 6-19). 

Figure 6-42 shows for “In-block delay” and “Congestion Index” the probabilities associated 

with each interval (actual data vs predicted data) for the test sample data. 

 
(a) 

 
(b) 

Figure 6-42. Probabilities associated with each state (predicted vs observed data): (a) in-block delay; 
(b) arrival congestion index. 
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The results of the BN model for “In-block Delay” were slightly higher than expected for 

delays below 15 min, indicating a conservative approach to airport operations 

management. However, for larger delays the values predicted by the model were lower than 

the real values. The BN model also tends to overestimate the value of the congestion index 

(a conservative approach) for intervals below 50% and above 90%. 

The BN model can be divided into different layers that shape its structure: congestion at 

arrival processes (nodes 1-8); meteorological conditions (9-12); runway configuration, 

throughput and capacity (13, 17 and 19); operator and aircraft (14 and 16); flight origin 

(15); time frame (18); arrival congestion index (20); and delay metrics (taxi in, in-block) 

(21 and 22). These layers are related to similar areas or ontologies (a set of concepts and 

categories in a subject area or domain that shows their properties and the relations between 

them). 

By carrying out a cross-influence analysis using the BN model, we can see how these 

network layers affect the outputs (mainly in-block delay and congestion index). The 

features that have the greatest impact on delay and congestion are the level of saturation at 

arrival processes (ASMA additional time, ASMA congestion and holding patterns), the time 

frame (that determines the arrival declared capacity) and the meteorological conditions. 

The main congestion and delay triggers are: east wind (coming from the east and blowing 

toward the west) with an intensity over 15 kt, ASMA 60 NM additional time longer than 10 

min, number of holdings above two, number of arriving aircraft (throughput for 40 NM and 

60 NM over 40 aircraft) and time of day (arrival delay increases for late evening operations). 

Also, Network Carriers from a domestic or intra-European origin, and aircraft belonging to 

a Medium wake turbulence category are drivers for in-block delay and arrival congestion.  

Therefore, the BN structure enables us to identify the interdependencies between factors 

contributing to airport operating performance, and also to quantify the impact of these 

explanatory variables. Specifically, the BN allows us to identify thresholds for delay and 

congestion triggers. For instance, Figure 6-43 illustrates the impact of congestion at 60 NM 

on in-block delay and congestion index. For each flight, the congestion level at 60 NM is the 

total number of aircraft in the landing queue, ahead of the aircraft in question, when the 

flight reaches the ASMA 60 NM). The node “congestion at 60 NM” is discretised into five 

states (fewer than 10 aircraft, 10-20, 20-30, 30-40 and more than 40). These states infer 

different probabilities for the diverse states of the nodes “in-block delay” and “arrival 

congestion index” (forward analysis). For example, when congestion at 60 NM is higher than 

40 aircraft, there is a 25% probability of having an in-block delay of 3-5 min, and a 28% 

probability of having an in-block delay of more than 15 min. Moreover, there is a 46% 

probability of having a congestion index between 60% and 80%, and a 48% probability of 

having a congestion index above 80%. Therefore, having a value for “congestion at 60 NM” 

of more than 40 aircraft is a precursor for delayed and congested arrivals. 
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(a) 

 
(b) 

Figure 6-43. Impact of 60 NM congestion on (a) in-block delay and (b) arrival congestion index. 

Figure 6-43 (a) shows two results that are counter-intuitive: “the probability of more 

than 15 minutes delay is higher for fewer than 10 aircraft than for 10-30 aircraft” and “the 

probability of delay between -15 minutes and -3 minutes is higher for 10-30 aircraft than 

for fewer than 10 aircraft”. These results are due to the following operational situation: 

during periods prior to the hub time-windows, congestion levels for ASMA 60 NM are low 

(<10 aircraft queuing) but data reveal the presence of several flights with more than 30 

minutes in-block delay. These delayed flights, registered at times of low but continuous 

demand, and prior to peak traffic situations, have a significant impact on the probability 

associated with this node class (<10 aircraft queuing). The operational airspace 

management at LEMD explains why this occurs: before the hub time-windows (peak traffic 

periods), there are variations in airspace sectorization (changes in the structure of the 

arrival procedures) and several regulations are applied. These issues give rise to an increase 

in in-block delay. 
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These counter-intuitive results illustrated by the causal model allow us to detect 

management problems or opportunities: e.g., low demand periods prior to high congestion 

at ASMA 60 NM are likely to cause high levels of in-block delay. 

6.4.3.2 Reliability model 

Using the predictions from the BN model, the reliability analysis provides us with 

information on the airport operational performance (stationary state, degradation and 

availability). Given an initial state (BN prediction), the model estimates the airport 

operational performance rate and reliability indicators for future steps/operations (i.e., the 

system’s dynamics and evolution). Our model for the airport arrival system is divided in two 

components: the first one represents the in-block delay and the second one represents the 

arrival congestion index at the airport (Figure 6-44). 

 

Figure 6-44. MSS for airport arrival performance. 

The in-block delay component is divided into three states (which are mutually exclusive 

and exhaustive): optimal, tolerable and degraded. In the optimal state (𝑥11), the system 

operates perfectly, which means that delays are not negatively affecting the airport 

operational performance. This case is represented by in-block delays between -3 and +3 

minutes (the range is defined by the ±3 minutes threshold for punctuality set by SESAR’s 

performance metrics [312]). In the tolerable state (𝑥12), in-block delays are below -3 

minutes (operating ahead of schedule) and between +3 minutes and +15 minutes (the 15 

minute threshold for defining delay has historically been common to both Europe and the 

US [116], [201], [202]). In this state, delays are larger than in the optimal state, but the 

operational performance of the airport is still acceptable. In the degraded state (𝑥13), delays 

are higher than +15 minutes and the airport operational performance is compromised. With 

respect to the arrival level of congestion, there are two states: optimal (𝑥21) and congested 

(𝑥22). The optimal state comprises values below 80%, while the congested state comprises 
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values between 80% and 100%, when capacity constraints can lead to operational problems 

[28], [60], [112]. By combining these two components we can obtain six global states for the 

arrival system: 

[
 
 
 
 
 

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑]

 
 
 
 
 

⟹

[
 
 
 
 
 
𝑥11 𝑥21

𝑥11 𝑥22

𝑥12 𝑥21

𝑥12 𝑥22

𝑥13 𝑥21

𝑥13 𝑥22]
 
 
 
 
 

⟹

[
 
 
 
 
 
𝐹1

𝐹2

𝐹3

𝐹4

𝐹5

𝐹6]
 
 
 
 
 

 

The next stage in the model construction process is to define the performance rates 

(levels of service) associated to each of these states. These performance rates are necessary 

to carry out the reliability analysis. Performance rates were allocated to each state based on 

the inputs of subject-matter experts (Table 6-19). These performance rates take account of 

the relative importance of system blocks (delay and congestion) in airport operations. 

[
 
 
 
 
 
𝐹1

𝐹2

𝐹3

𝐹4

𝐹5

𝐹6]
 
 
 
 
 

⟹

[
 
 
 
 
 
100%
60%
80%
50%
40%
0% ]

 
 
 
 
 

 

To evaluate the reliability indicators that we will subsequently develop, the system states 

must be arranged in order of decreasing performance rate, i.e. from the highest to the 

lowest. Therefore, the arrival system states are arranged as follows: 

[
 
 
 
 
 

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑]
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Table 6-22 clarifies the definition of each system state by giving the associated 

performance rate and the partial state of each block. 

Table 6-22. Performance rate associated to each system state. 

State In-block delay 
Congestion 

index 
Performance 

rate 

G1 
Optimal 

(-3 min ≤ d ≤ +3 min) 

Optimal (CI ≥ 
80%) 

100% 

G2 
Tolerable 

(d < -3 min or +3 min < d ≤ 15 min) 

Optimal (CI ≥ 
80%) 

80% 

G3 
Optimal 

(-3 min ≤ d ≤ +3 min) 

Congested (CI < 
80%) 

60% 
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State In-block delay 
Congestion 

index 
Performance 

rate 

G4 
Tolerable 

(d < -3 min or +3 min < d ≤ 15 min) 

Congested (CI < 
80%) 

40% 

G5 Degraded (d > 15 min) 
Optimal (CI ≥ 

80%) 
20% 

G6 Degraded (d > 15 min) 
Congested (CI < 

80%) 
0% 

Once the different states have been defined, we obtain the transition matrix from the 

database (Table 6-23), by calculating the probability for the arrival system to change 

between states. For all i,j ∈ S, 0 ≤ pij ≤ 1, and each row in the matrix adds up to 1. The most 

probable transitions for each state are highlighted in bold in Table 6-23. The Markov-chain 

model is trained for data corresponding to airport operations under conditions of 

continuous demand and aircraft queuing. This is when the airport’s operational reliability 

can be evaluated. Otherwise, recovery indicators may be affected by the transit time 

between operations. Figure 6-45 illustrates the state-transition diagram of the Markov 

chain via a heat map. Each step/transition of the system corresponds to an arrival operation 

at the airport. When constructing and testing the Markov model, we divided the data into 

two partial datasets. The first dataset (construction sample) is used to train and validate the 

model, and contains 80% of the total number of observations (k-fold cross-validation with 

k=10). The remaining 20% (test sample) is used to test the generalisation of the model. As 

part of a reliability analysis, Section 6.4.2.2 illustrates how the model predicts the system’s 

evolution towards stationary state and valuates potential degradation. We perform a 

simulation to show the applicability of the model and its functionalities (performance 

indicators). This simulation is implemented by programming the model in MATLAB [362]. 

The average value of the test error is 10%. 

Table 6-23. Transition matrix for the arrival system. 

State 
(performance 

rate) 
G1 (100%) G2 (80%) G3 (60%) G4 (40%) G5 (20%) G6 (0%) 

G1 (100%) 0.192 0.571 0.000 0.000 0.236 0.000 

G2 (80%) 0.185 0.585 0.000 0.001 0.229 0.000 

G3 (60%) 0.000 0.010 0.185 0.553 0.013 0.240 

G4 (40%) 0.001 0.011 0.210 0.534 0.006 0.238 

G5 (20%) 0.167 0.496 0.000 0.001 0.334 0.001 

G6 (0%) 0.004 0.013 0.164 0.430 0.007 0.382 
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Figure 6-45. Transition diagram of the Markov chain (*). 

(*) An “inverse and sequential” Brewer’s colour scale is used to improve the visibility of the 

most frequent transitions [328]. 

When the system is in states 𝐺1, 𝐺2 or 𝐺5; the most probable transition is towards state 

𝐺2. Therefore, in system states where the level of congestion is optimal (below 80%), 

independently of the initial in-block delay, the system tends to change to a state with a 

tolerable level of delays, while remaining in an optimal congestion level. If the system is 

initially in states 𝐺3, 𝐺4 o 𝐺6 (congested situations) it tends to move towards state 𝐺4, where 

the level of delay is tolerable but the airport remains congested. There is a significant 

probability that states 𝐺5  and 𝐺6 will not transition to other states (they will remain 

degraded in terms of delays). These results show the importance of the arrival level of 

congestion when evaluating the operational performance of the airport. Congestion indices 

above 80% reduce the airport ability to maintain optimal performance rates. 

Our Markov chain is ergodic (all states are a periodic and positive recurrent, and the 

chain is irreducible). Hence, there is a number N such that any state can be reached from 

any other state in any number of steps greater than or equal to a number N. This property 

allow us to obtain a series of functionalities regarding the reliability model [209], which are 

developed below. 

The Markov chain of our model is a time-homogeneous Markov chain, so that the process 

is described by a single, time-independent matrix Pij. Moreover, in our problem we have a 

finite and countable state space S. Then, we can define a vector 𝜋 = [𝜋𝑖], where i ϵ S, called 

stationary distribution (or invariant measure), that satisfies 𝜋 = 𝜋𝑃 [293]. It can be 

expressed as: 𝜋𝑗 = ∑ 𝜋𝑖𝑃𝑖𝑗
𝑚
𝑖=1 . For all 𝑖, 𝑗 = 1,… ,𝑚, 0 ≤ πi j ≤ 1 and ∑ 𝜋𝑖 = 1𝑚

𝑖=1 . The solution is given 

by 𝜋𝑗 = lim
n→∞

𝑃𝑖𝑗
(𝑛)

. 
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Therefore, the stationary (or limiting) distribution is the probability distribution to 

which the process converges for large values of random walk steps on the Markov chain (if 

no extra corrective actions are taken). Specifically, for our study 

𝑋𝑛 = [0.1718,   0.0108,  0.5290,  0.0287,  0.2438,  0.0158] 

Each step corresponds to an arrival operation at the airport. This result is unique, 

therefore, there is no other stationary distribution for the Markov chain. For a sufficient 

large number of steps (operations), the system will reach this distribution. The most 

probable state for the system is 𝐺3 (52,90%), with a tolerable level of delay and a non-

congested situation. The second most probable state is 𝐺5 (24,38%), in which the system is 

degraded in terms of delay, even though the level of congestion is optimal. 

Three different scenarios are evaluated to demonstrate the applicability of the model. In 

the first example, we analyse the behaviour of the system when the initial state is 𝐺1and, as 

such, the airport is operating in an optimal way, without delays or lack of capacity. In the 

second scenario, the system is in state 𝐺6, where the airport operational situation is 

degraded, both in terms of delays and available capacity. The last scenario corresponds to 

an intermediate state (𝐺4), where delays are tolerable but the system is congested in terms 

of capacity. 

We use three indicators (see Section 6.3) to evaluate the system’s operational 

performance after a number of steps (arrival operations) [209]: (i) the mean instantaneous 

performance (En), which represents the performance expectation at a given step; (ii) the 

mean instantaneous deficiency performance (Dn), which represents the system 

performance deviation from a given demand (𝑤), at a given step; and (iii) the instantaneous 

availability (An), which represents the probability of finding the system in an acceptable 

state at a given step. These indicators are related to the fact that in systems with weighted 

components, each component may contribute differently to the performance of the system. 

Therefore, the system's working/failure principle depends on the total performance of 

working/failed components [337]. 

The performance rates for each state illustrate how the system is operating globally, and 

were previously designated as 
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𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝑇𝑜𝑙𝑒𝑟𝑎𝑏𝑙𝑒 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝑂𝑝𝑡𝑖𝑚𝑎𝑙
𝐷𝑒𝑔𝑟𝑎𝑑𝑒𝑑 𝐶𝑜𝑛𝑔𝑒𝑠𝑡𝑒𝑑]
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To assess the system’s availability, we make the assumption that the states that fulfil the 

system service requirements are 𝐺1 and 𝐺2, where the system is operating with 

performance rates above 80%. This hypothesis is based on the experts’ input. In these 

states, the arrival system is not congested, and delays are optimal or at least tolerable. As 

previously mentioned, we evaluate the system’s evolution and reliability characteristics in 
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three scenarios (with different initial states): 𝑝0 = [1 0 0 0 0 0], 𝑝0 = [0 0 0 1 0 0] and 𝑝0 =

[0 0 0 1 0 0]. The Markov model gives the expected number of operations for stationary 

state. During periods of continuous demand, with a sustained declared capacity of 48 arrival 

operations, we can then estimate the expected time to achieve the stationary state. 

Figure 6-46 shows the results for the first scenario, with initial state 𝐺1; i.e., 𝑝0 =

[1 0 0 0 0 0]. Therefore, the system starts off with an optimal situation in terms of delay and 

capacity. 

 
(a) 

 
(b) 

 
(c) 

Figure 6-46. Performance indicators for the first scenario (initial state G1): (a) En; (b) Dn; and (c) An. 

Although the initial transitions evolve at a significant rate, the system needs 262 steps 

(operations) to reach the stationary state (with a 0.32% error). The system is never below 

a 70% service level, indicating that the airport is capable of maintaining an acceptable 

performance level when it has an optimal initial state from the very start; i.e., it does not 

evolve towards degraded states. The values of the performance indicators (En, Dn and An) at 

the final state are derived from the probabilities obtained for the stationary state: En = 

71.33%, Dn = 3.2286 and An = 70.08%. 

In the second scenario, the system starts off in a completely degraded state (𝐺6); i.e., 𝑝0 =

[0 0 0 0 0 1]. Therefore, at the initial state, the airport is congested (scarce capacity) and the 

operations experience significant delay. This scenario is applicable when modelling the 

system’s potential recovery after a period of irregular operations. Figure 6-47 gives the 

results for this second example. 

 
(a) 

 
(b) 

 
(c) 

Figure 6-47. Performance indicators for the second scenario (initial state G6): (a) En; (b) Dn; and (c) 
An. 
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Results for a large number of steps show that the system evolves towards the same 

stationary state as in the first scenario, with comparable values for the performance 

indicators. Nevertheless, more steps (390 for a 0.32% error) are now required to reach a 

stationary state. Consequently, the airport needs approximately 390 operations to progress 

from a degraded state to an acceptable performance rate. The dynamics of the evolution are 

analogous to the first scenario, the initial transitions advance rapidly, but then a significant 

number of steps is required to reach the stationary situation. Note that in the first scenario 

the airport starts in an optimal state and tries to maintain a specific service level. We can, 

however, see that the service level decreases slightly. In the second scenario, the airport 

begins in a degraded state and evolves towards a better performance rate. This means that 

the airport arrival system is repairable (i.e. the system is able to recover from a degraded 

state). The recoverability rate of the system can be defined as the number of operations it 

will take the system to reach an acceptable performance rate. Therefore, in the airport 

arrival system, the recoverability rate from a degraded state works out to be 390 operations. 

Figure 6-48 illustrates the results for the third scenario, in which the system starts at an 

intermediate state (𝐺4). The airport is congested but the delays remain at a tolerable level: 

𝑝0 = [0 0 0 1 0 0]. 

 
(a) 

 
(b) 

 
(c) 

Figure 6-48. Performance indicators for the third scenario (initial state G4): (a) En; (b) Dn; and (c) An. 

This third scenario behaves differently to the previous two examples: now the dynamics 

of the system do not reflect a continuous evolution. Initially (for a low number of steps), the 

system experiences a decrease in the mean instantaneous performance indicator, which 

falls below 40%. Simultaneously, the mean instantaneous deficiency performance indicator 

reaches values above 13. Then, after this initial degradation, the system evolves in a similar 

way to the second example; after a large number of steps (~390 for a 0.32% error), it 

achieves stationary state. Therefore, when the airport is in an intermediate situation 

(congested but with tolerable delays) it first progresses towards a degraded state, and then 

evolves to stable state, reaching a performance rate around 70% after approximately 390 

operations. 

Reliability (R) is defined as the probability of the system not falling into a total failure 

state (state with a not acceptable performance rate). If several system states are evaluated 

as total failure, then the reliability metric can be calculated as 𝑅 = 1 − ∑ 𝑝𝑗(𝑛)𝑖
𝑗=1 , where 𝑖 is 

the total number of states with unacceptable performance rates and 𝑝𝑗(𝑛) is the probability 
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of the system being in state 𝑗 at step 𝑛. The reliability of the airport arrival system can be 

calculated using the probability values of stationary distribution. If we only consider state 

𝐺6 (congested and degraded in terms of delays) to be a total failure situation, then the 

system’s reliability is 𝑅1 = 1 − 𝑝(𝐺6) = 0.9842. Therefore, the system has a reliability of 

98.42% when it achieves stationary state (Figure 6-49 (a)). We can say that the airport 

arrival system is significantly robust against delays and congestion. If we consider that the 

system is in a failure situation when is located in both states 𝐺5 and 𝐺6, then the reliability 

falls to 74.04% (𝑅2 = 1 − 𝑝(𝐺5) − 𝑝(𝐺6) = 0.7404). Although the more states are regarded 

as failure states, the more the system reliability decreases, it maintains a level above 70%, 

which indicates a reasonably robust behaviour (Figure 6-49 (b)). 

 
(a) 

 
(b) 

Figure 6-49. System reliability results considering: (a) G6 as failure and (b) G5 and G6 as failure. 

The multi-state approach allows us to granulate the analysis; i.e., to consider 

intermediate states and different performance thresholds for both the system and its 

components [209]. For instance, in the airport case study, we can establish successive 

warning limits for airport performance: G1, …, G6 (and not just one frontier as in the binary 

view). Therefore, the multi-state approach provides a framework with recommendations 

for decision-making that are more complete than those generated by the binary approach, 

particularly in situations with uncertainty and multiple factors affecting performance. We 

can compare both approaches in terms of the resulting outcomes: e.g., if we set a binary 

analysis with a single performance limit of 50%, we could underestimate the congestion 

situation: when the system starts off with an optimal condition in terms of delay and 

capacity, its performance rate in the long-term is never below a 70% service level, so we 

could never identify an operational warning. On the contrary, if we set the binary 

performance threshold at 80%, the system will arrive to a “no-functioning” state in 10 steps, 

and therefore we will not be able to discover that, in the long-term evolution, the system 

performance does not progress below 70% (so we could overreact when the airport is 

actually performing reasonably well). 

The main benefit of this granular framework is that its recommendations allow us to 

segment the airport resource allocation and adapt the airport response to specific 

operational needs. Moreover, the predictive and probabilistic approach provides a way to 
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manage uncertainty. The main risk is related to the characterisation of performance rates If 

these thresholds are not accurately defined, the multi-state approach could lead to instances 

where it provides inferior recommendations than the binary approach (e.g. when the 

operational sample is not big enough to represent all the airport states or when a clear 

pass/fail analysis is required). Another limitation is related to simplicity: although the 

binary approach is less problem-adaptable, it is simpler and therefore more appropriate in 

certain situations (e.g., in low demand conditions and with less complex infrastructures). 

Finally, if additional actions are introduced to the system (a0, …, an), new initial 

conditions will be derived for the uncertainty sources (u0, …, un). Under the new operational 

situation, the model will predict new values for delay and congestion [G0 = (G1
0, G2

0)] and 

new values for the reliability analysis: stationary state [Gn = (G1
n, G2

n)], performance (En), 

degradation (Dn) and availability (An). The additional actions can be exogenous (e.g. changes 

in the meteorological conditions) or endogenous (e.g. allocation of more resources to ease 

congestion). This feedback control approach, which will be developed in future work, is 

capable of adapting the results of the model to changes in the system, which is a key feature 

due to the non-linear, stochastic and time-varying nature of airport operations. Analysis of 

performance variability provides information about adaptations of the system and 

measures that are needed to respond to changing conditions. 

As regards the reliability model, the main contribution of the study is the application of 

Multi-State System theory to airport arrival operations. It enables the use of granular states 

when evaluating airport performance, rather than binary (“working” versus “failure”) 

approaches. Also, we combine delay and congestion indicators, instead of treating them as 

isolated metrics. 

Studies on airport arrival management commonly focus on improving traffic sequencing 

methods [111], [339], [363] or on visualizing performance deviations [64], [352]. Our 

approach investigates how the arrival operational situation may be managed by predicting 

and assessing in-block delay and congestion. The methods illustrated in this study could be 

used to evaluate inefficiency drivers or as a tool for refining AMAN advisory decisions. Most 

state-of-the-art AMAN systems require the operator to analyse and manually integrate 

landing rate and delay data to optimise the use of runways [64]. They tend to use static 

estimations and average values [341], [342]. However, we have proposed a methodology to 

dynamically predict and assess the system’s state in terms of delay and capacity. This 

methodology is based on probabilistic approaches (which are consistent with treatment of 

stochastic-like processes such as arrival operations) and considers the main factors 

affecting performance. Quantitatively, our methods provide promising results as compared 

with current approaches [23], [59], [182], [190], [342], achieving between 5% and 10% 

lower prediction errors for arrival conditions. 

In short, the proposed methods may be used as input to AMAN systems. They can also be 

used to: (a) elicit the interdependencies between factors that contribute to airport arrival 

performance; (b) determine which of these factors have a greater impact on delay and 

congestion; (c) estimate the system state given an initial condition; and (d) evaluate the 
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reliability of the system (dynamics, evolution and stationary state). The insights of the 

analysis enable us to detect management inefficiencies (or opportunities) and reduce 

operational uncertainties. 

6.4.4 Conclusion 

Uncertainty of approach conditions (e.g. pilot performance, landing clearance time, 

approach speed, wind conditions) makes traffic supply to runways a stochastic 

phenomenon. In order to ensure continuous traffic demand at runways and maximise 

runway usage, a minimum level of queuing is required [8], [68], [364]. A certain extent of 

arrival queuing in airspace is necessary to allow arrival management (sequencing and 

metering) to optimise runway utilisation when demand is at or near the operational 

capacity. Nevertheless, as additional time in holdings is detrimental to operations efficiency, 

fuel consumption and environment [44], [55]. Therefore, a trade-off exists between 

approach efficiency and runway throughput. For airports, the closer they operate to their 

maximum capacity, the more severe is the impact of a capacity loss due to external events 

such as weather or traffic regulations. 

Uncertainty in arrival conditions may lead to airport congestion and delay propagation. 

The goal of Arrival Manager (AMAN) planning systems is to facilitate aircraft arrival 

operations, particularly during challenging periods such as bad weather conditions or 

capacity restrictions. New tools are needed to provide these management systems with 

accurate and reliable predictions regarding arrival delay, airport congestion and reliability 

indicators. This study sets out a novel methodology for evaluating the influence of 

uncertainty sources on the airport arrival performance. It also provides a tool for evaluating 

and managing operational uncertainties. The output of this tool may be used as input to the 

AMAN systems. In the study we consider an extended spatial boundary, as AMAN systems 

are also used to regulate the flow of traffic into Terminal Manoeuvring Areas (or Terminal 

Control Areas) surrounding busy airports. The metrics that are selected to reflect the 

system’s state are the arrival congestion index (ratio of aircraft that have landed in the 

previous hour to the airport’s declared arrival capacity at this hour) and the in-block delay 

(the difference between the Actual In-Block Time and the Scheduled In-Block Time). The 

arrival congestion index illustrates the importance of scarce arrival capacity in the airport 

operational performance. In-block delay reflects the adherence of arrival operations to the 

schedule. The first stage of the methodology sets out a causal model based on a Bayesian 

Network approach. This probabilistic tool can be applied in a forward analysis (prediction 

of in-block delay and congestion index as outputs, given certain operational conditions) or 

in an inverse analysis (location of main drivers for targeted values at the output nodes). This 

model also offers insights on interdependencies between factors that influence 

performance. To manage airport performance and predict the most probable outcome, the 

Bayesian Network aggregates the uncertainty arising from the approach conditions. The 

model can also be applied to detect precursors for specific situations. Results show that the 

features with the greatest impact on delay and congestion are saturation situations at 

arrival processes (ASMA additional time, ASMA congestion and holding patterns), arrival 
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rates, time of day (that determines the arrival declared capacity) and the meteorological 

conditions. The main contribution of our study with respect to prediction of delay and 

assessment of its impact has been to change the focus from system to airport level. Once the 

Bayesian Network makes a prediction for the airport operational state, the second part of 

the methodology assess the reliability of the system. The airport arrival framework can be 

considered to be a Multi-State System, as the performance rates of both the elements and 

the system itself can range from perfect functioning up to complete failure. Partial failures 

of the elements can lead to complete failure of the system. Given the stochastic nature of the 

approach conditions, the reliability analysis is carried out using a Markov chain approach. 

For a given number of steps (arrival operations), the model estimates the expected 

performance rate and indicators (degradation, availability and reliability) for the arrival 

system. Results show that arrival congested states (congestion indices above 80%) reduce 

the airport’s ability to maintain optimal performance rates. Nevertheless, the airport arrival 

system is reparable (i.e. the system is able to recover from a degraded state). The 

recoverability rate is works out to be at 390 operations. The reliability model also allows us 

to calculate the system’s stationary state, which has a performance rate of 70%. One of the 

advantages of the proposed technique is its adaptive nature. It enables us to readapt the 

results in the event of sudden changes in the state variables, due to external or internal 

shocks in the system. The model is able to capture the stochastic characteristics of arrival 

processes. 

The main contribution of the study is a new approach for evaluating and predicting the 

airport arrival operational reliability: from the traditional corrective binary vision, the 

proposed model evolves towards a predictive multi-state analysis. It also provides insights 

into the interdependencies between the factors that influence performance. The main 

scientific and practical innovations of the prediction are related a better and more 

systematic assessment of the arrival operational situation: our methods produce promising 

results as compared with current approaches, achieving predicting errors for arrival 

conditions that are 5% - 10% lower. The methodology can be used a resource for decision 

making in the event of operational uncertainty. Although its spatial framework is the airport 

arrival management system, the model can be extended to other stages of airport 

operations. The results could be used by air navigation service providers, airport operators 

and policy makers to develop operational strategies and draw conclusions regarding arrival 

management. 

The methodology developed in this study makes use of recent data mining and machine 

learning techniques. As such, it can provide novel perspectives in the field of airport system 

assessment. The Bayesian Network method enables us to elicit the interdependencies 

between the factors that contribute to airport performance. It also allows us to identify the 

drivers of airport arrival congestion and delay (including intensity of arrivals, time of day, 

and weather conditions). The Markov-chain method allows us to consider granular as 

opposed to binary states when evaluating airport performance. It also provides insight into 

system reliability. Traditionally, congestion and delay inefficiencies have been approached 

in a corrective or preventive way (standard allocation of resources). The models developed 
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in this study may enhance operational and management decisions, by leveraging the 

insights provided by the models to predict resource allocation. 

Future work will focus on improving the accuracy of the model (more complete testing 

data and methodological enhancements), and on comparing the results when the 

methodology is applied to other airports (generalisation of the case study). We also need to 

develop the feedback control loop and to analyse potential response strategies/measures 

(how specific actions impact the airport arrival system state). Additionally, we intend to 

extend multistate system characterisation to areas other than capacity and delay (e.g. safety 

and financial performance). The analysis will be expanded to include further initial states 

for the verification of the model (sensitivity analysis to initial conditions) and to highlight 

potential applications in tactical airport operations. Finally, the study of the cost to repair 

incorrect states and maintenance of an appropriate airport performance will also be 

addressed. 
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7. Response 
optimisation 

The Response optimisation section introduces the methodologies that will be proposed 

in order to react to the uncertain circumstances that shape airport operations. 

We aim at producing an automated managing logic that allows the airport control system 

to develop and implement mitigation measures to reduce uncertainty (granting robust 

airport performance) at any time (better resource allocation against the foreseen delay 

propagation). That will be achieved by developing an algorithm to generate a system 

response to optimise turnaround time allocation (producing control strategies to reduce 

delay propagation effects at the event source). 

Detecting and preventing error propagation via competitive learning and response 

algorithms [365] has been used in the transport field for the planning and execution of 

logistics tasks and resource allocation, serving as a methodology for calculation and support 

in terms of decision-making (e.g. flow and storage of goods or services and information 

management from its source to its destination). Regarding the optimisation field, response 

models and algorithms have been developed for the planning of complex logistics tasks, 

seeking efficiency in passengers transport, aircraft movements and goods handling [366]. 

In airports, these algorithms have been implemented in order to improve the allocation of 

parking spaces, to optimise the taxiing time and to manage arrival/departure flows [68], 

[72], [108], [112], [367]–[370]. 

When an airport faces a contingency or unexpected situation, it may become vulnerable 

to demand management [178], [371], [372]. The origin of this situation can be found in the 

degradation of the functionalities and characteristics of an element of the airport 

infrastructure, which can spread and make one or more processes lose its ability to respond. 

Usually, this situation leads adjacent processes to collapse, due to the initial problem [187]. 

The solution to these problems are intended to develop contingency plans and automated 

responses, which should be implemented when settled indications/metrics point out that 

the system’s ability is deteriorating or will do so in short period (a predictive approach) 

[373], [374]. 
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To overcome the limitations in responding to sudden unexpected events, automated 

systems implementing a control theory approach27 can help to identify and solve 

unexpected events for a global optimum instead of a best guess which is used by today’s 

human operators. The main challenge is the fact, that the airport operations environment 

represents an open(-loop) system with an unknown number of events that can lead to 

disturbances. In contrast to closed-loop systems, with a limited number of input variables 

(e.g. automated flight controls), it is therefore needed to predict and filter the current and 

future system state by using model predictive control or a heuristic approach [375], [376]. 

Efficient and safe airport operation is therefore aimed at improving the management of 

available resources. That requires models and action patterns that automate the way of 

dealing with incidents which propagate through the elements of the airport operations 

network [16], [377], [378]. 

The Turnaround Time (TAT) of aircraft at the gate or a remote position from the terminal 

has been recognised as a crucial element to ATM system performance [379]. An efficient 

aircraft turnaround is an essential component of airline success, especially for regional and 

short-haul operations. It is imperative that advancements in ground operations, specifically 

process reliability, are developed while dealing with increasing capacity congestion in the 

next years [33]. In this sense, the accurate calculation (prediction and reliability) of the 

target off-block time (TOBT) for a given flight represents a monumental challenge for all 

associated stakeholders. It becomes an essential task, as it has a great impact on arrival 

punctuality at the destination [18]. The difficulty arises from the complexity of the 

turnaround processes and the number of involved resources and staff members [33]. 

Main opportunities to recover arrival delays and improve schedule adherence arise at 

the turnaround stage [18], [34], [380]. The objective of this study is to provide a novel 

methodology to manage turnaround times and departure schedule allocation, by also 

considering airport congestion and inherited delays. Therefore, when setting the optimal 

Turnaround Time Allocation (TTA), we consider not only outbound delay and “buffer” costs, 

but also the costs of (a) perturbations in schedule adherence, (b) internal (local) delays and 

(c) airport level of congestion. Regarding the methodological approach, the aim is to obtain 

a hybrid, dynamic and adaptive model. It will be hybrid, as main outcomes will be based on 

a mixture of data-driven analysis and expert interpretation; dynamic as the model will be 

adjusted to different horizons and adaptive as the model will be enhanced iteratively with 

new data. This methodology that can be used to support decision making processes in 

balancing turnaround associated costs, improve departure time predictability and increase 

the system’s robustness. 

                                                            

 

27 Mathematical control theory is the area of application-oriented mathematics that deals with the basic 
principles underlying the analysis and design of control systems. To control an object means to influence 
its behaviour so as to achieve a desired goal [388], [410]. 
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7.1 Dynamic control and reinforcement learning 
techniques 

Optimal control, once thought of as one of the principal and complex domains in the 

control field, has been studied extensively in both science and engineering for several 

decades [381]. As it is known, dynamical systems are ubiquitous in nature and there exist 

many methods to design stable controllers for them [382], [383]. However, stability is only 

a bare minimum requirement in the design of a system. Ensuring optimality guarantees the 

stability of nonlinear systems. As an extension of the calculus of variations, optimal control 

theory is a mathematical optimisation method for deriving control policies. Dynamic 

programming is a very useful tool in solving optimisation and optimal control problems by 

employing the principle of optimality [383]. In particular, it can easily be applied to non-

linear systems with or without constraints on the control and state variables. However, it is 

often computationally untenable to run true dynamic programming due to the well-known 

“curse of dimensionality” [244], [384]. Hence, the adaptive dynamic programming (ADP) 

method was first proposed by Werbos in 1977 [245]. By building a system, called “critic”, to 

approximate the cost function in dynamic programming, one can obtain the approximate 

optimal control solution to dynamic programming. 

Reinforcement learning (RL) is an area of machine learning concerned with how 

software agents ought to take actions in an environment so as to maximise some notion of 

cumulative reward [385]. RL is considered as one of three machine learning paradigms, 

alongside supervised learning and unsupervised learning [79], [84], [386]. It differs from 

supervised learning in that labelled input/output pairs need not be presented, and sub-

optimal actions need not be explicitly corrected. Instead, the focus is finding a balance 

between exploration (of uncharted territory) and exploitation (of current knowledge) 

[387]. The environment is typically formulated as a Markov Decision Process (MDP), as 

many reinforcement learning algorithms for this context use dynamic programming 

techniques [388] The main difference between the classical dynamic programming 

methods and reinforcement learning algorithms is that the latter do not assume knowledge 

of an exact mathematical model of the MDP and they target large MDPs where exact 

methods become infeasible [388]. 

RL is a very useful tool in solving optimisation problems by employing the principle of 

optimality from dynamic programming (DP). In particular, in control systems, RL is an 

important approach to handle optimal control problems for unknown nonlinear systems. 

DP provides an essential foundation for understanding RL [381]. Actually, most of the 

methods of RL can be viewed as attempts to achieve much the same effect as DP, with less 

computation and without assuming a perfect model of the environment. One class of RL 

methods is built upon the actor-critic structure, namely adaptive critic designs, where an 

actor component applies an action or control policy to the environment, and a “critic” 

component assesses the value of that action and the state resulting from it. The combination 
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of DP and RL based on actor-critic structures results in the adaptive dynamic programming 

(ADP) algorithms [381]. 

An Adaptive Dynamic Programming (or ADP) agent takes advantage of the constraints 

among the utilities of states by learning the transition model that connects them and solving 

the corresponding Markov decision process using a dynamic programming method [76]. 

For a passive learning agent, this means plugging the learned transition model and the 

observed rewards into the Bellman equations28 to calculate the utilities of the states [389]. 

These equations are linear (no maximisation involved) so they can be solved using any 

linear algebra package [76]. Alternatively, we can adopt the approach of modified policy 

iteration, using a simplified value iteration process to update the utility estimates after each 

change to the learned model. Because the model usually changes only slightly with each 

observation, the value iteration process can use the previous utility estimates as initial 

values and should converge quite quickly. The process of learning the model itself is easy, 

because the environment is fully observable. This means that we have a supervised learning 

task where the input is a state–action pair and the output is the resulting state [76]. 

7.2 Turnaround time allocation 

Airports are the nodes that interconnect flights in the complex air traffic networks [26]. 

Hence, airport ground processes are a critical path of this system: incoming aircraft 

continue on the subsequent legs of their planned itineraries and crew members and 

passengers connect to other flights or other transport modes [12], [44]. An incident at the 

airport environment may easily propagate through the network and generate system-level 

effects, like reactionary delays [31], [118], [390]. Airport ground operations mainly consists 

of the handling procedures at the stand (de-boarding, catering, fueling, cleaning, boarding, 

unloading and loading), which are defined as the aircraft turnaround [32]. Therefore, the 

management and reliability of the scheduled turnaround time become essential as regards 

to the system’s robustness and efficiency [12], [27]. Moreover, from an air transportation 

system view, uncertainties in airport operations have huge impacts on flight schedule 

                                                            

 

28 Dynamic programming is both a mathematical optimisation method and a computer programming 
method. The method was developed by Richard Bellman in the 1950s and has found applications in 
numerous fields, from aerospace engineering to economics. In both contexts it refers to simplifying a 
complicated problem by breaking it down into simpler sub-problems in a recursive manner. While some 
decision problems cannot be taken apart this way, decisions that span several points in time do often 
break apart recursively. Likewise, in computer science, if a problem can be solved optimally by breaking 
it into sub-problems and then recursively finding the optimal solutions to the sub-problems, then it is said 
to have optimal substructure. If sub-problems can be nested recursively inside larger problems, so that 
dynamic programming methods are applicable, then there is a relation between the value of the larger 
problem and the values of the sub-problems. In the optimization literature this relationship is called the 
Bellman equation [389]. 
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adherence [29], [192]. Instead of following the traditional gate-to-gate framework, the air-

to-air approach focusses on the ground trajectory of an aircraft, in order to enable efficient 

flight operations and reliable departure times [18]. Predictability of an accurate TOBT 

(Target Off-Block Time) represents one of the basic challenges regarding the new 

operational concept associated to 4D trajectory based operations [42], [45], [52]. The 

demand of high arrival punctuality at destination through an adjusted CTA (Controlled Time 

of Arrival) requires precise scheduling from the initial ground phase of a flight, as arrival 

punctuality is clearly driven by departure punctuality [18], [40]. Therefore, turnaround 

time allocation and predictability of departure times are key elements to avoid 

perturbations on trajectory schedule adherence [162], [391] and system reliability [119]. 

Once different initiatives have successfully decreased airborne delay over the two last 

decades, the next opportunity for time-efficiency improvement rely on airport surface 

operations [15]. Nevertheless, airports are limited in capacity by operational constraints 

and different factors such as traffic mix, runway configuration, local weather or wake 

separation [111]. Imbalances between capacity and demand can lead to congestion 

problems [68], which have worsened due to the strong growth in the number of airport 

operations during the last decades [138], [139], [392]. The objective of this study is to 

provide a novel methodology to manage turnaround times and departure schedule 

allocation, by also considering airport congestion. 

Since information management and data analytics are becoming strategic issues for the 

efficiency of the global air traffic management system [45], there is an opportunity to 

develop new conceptual tools based on artificial intelligence and machine learning. In the 

case of airport operations, this new tools can be applied to solve traditional scheduling and 

resource allocation problems, by considering the potential of these techniques for data 

science [393]. Airports act as dynamic and complex systems, with several facilities, 

processes and stakeholders that are interrelated and interact with each other [27]. In order 

to provide a holistic approach for the future “intelligent airport systems”, the new 

conceptual tools should not pursue isolated views but integrated ones; specially when 

solving problems like flight delay prediction, passenger profiling, traffic segmentation and 

supply chain optimisation [394]–[396]. Regarding the turnaround scheduling problem, 

apart from airline strategies, new tools should also consider airport characteristics, like the 

level of congestion [397]. 

Reinforcement learning methods are based on the idea that the output of the system is a 

sequence of actions, as part of a global policy [398]. The system evolves and there is no such 

thing as the best action in any intermediate state; an action is good if it is part of a good 

policy. Appraising the changes in the system, these methods are able to assess the goodness 

of strategies and learn from past good action sequences, in order to generate an optimal 

policy. This policy also changes the system state, so a feedback control approach is 

developed [244]. This dynamic programming approach fits perfectly with the turnaround 

time allocation problem, where external conditions (as inbound delays or airport 

congestion) can affect the system’s response. 
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In this section we present a case study in order to illustrate the application of the 

dynamic control and reinforcement learning techniques that allow us to optimise TTA. First, 

Chapter 7.2.1 reviews the background information regarding turnaround management and 

presents our contribution. In Chapter 7.2.2, we state the problem characteristics and detail 

the proposed optimisation model. Chapter 7.2.3 introduces the particularities of the case 

study where the model is evaluated and Chapter 7.2.4 describes and discusses the main 

results for the appraised scenarios. Finally, Chapter 7.2.5 appraises the conclusions, the 

model applicability and the potential further work. 

7.2.1 Background and contribution 

The Airport Transit View (ATV) concept analyses the “visit” of an aircraft to the airport 

[42]. This framework connects inbound and outbound flights, providing a tool to optimise 

airport operations and to enable a more efficient and cost-effective deployment of operator 

resources. It also changes the conceptual framework from the gate-to-gate approach to the 

air-to-air conception. Whereas the gate-to-gate process is more focused on the airborne 

phase of the aircraft trajectory, the air-to-air appraisal concentrates on the airport ground 

operations between flight segment/legs [19], [177]. Figure 7-1 illustrates the ATV domain: 

the operational attention relies on ground processes when optimizing resources and 

seeking time-efficiency improvements. 

 

Figure 7-1. Spacial scope for the optimisation response: ATV air-to-air concept (not to scale). 

Aircraft turnaround refers to the process of servicing an aircraft on the ground between 

two consecutive flight segments. The turnaround consists of five major tasks related to 

aircraft ground handling (Figure 7-2): de-boarding, catering, cleaning, fuelling and boarding 

as well as the parallel processes of unloading and loading cargo [32]. It may also include 

aircraft programmed maintenance. The minimum time needed for turnaround operations 

depends on the aircraft type, the airline business model, the airport configuration and the 

handling agent characteristics. From the operator perspective, all these handling processes 
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will follow defined procedures. The Airplane Characteristics for Airport Planning manual 

(Figure 7-2) stablishes a minimum recommended turnaround time for each aircraft type 

and configuration. Nevertheless, uncertainty of operational conditions (e.g. runway 

configuration, aircraft performances, air traffic control procedures, regulations, airline 

strategies, available ground resources and meteorological conditions) makes on-ground 

operations a stochastic phenomenon, and provide turnaround with a time-varying and 

random nature. 

 

 

Figure 7-2. Typical ramp layout (up) and Turnaround time chart (down) for A350-900 [231]. 
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Airlines plan the aircraft schedule time on the airport, between inbound and outbound 

flights, by considering [233]: (a) minimum recommended turnaround time [36], [234]; (b) 

route characteristics (e.g. point-to-point or hub-and-spoke network); (c) next destination 

(e.g. last flight, overnight parking and hub windows); (d) airport base type (e.g. full 

turnaround station or en-route station); (e) fleet optimisation; (f) network accumulated 

delays and potential “slacks”; (g) slot allocation in coordinated airports; (h) crew 

availability; (i) minimum connecting time for passengers (e.g. hub and spoke strategies); (j) 

aircraft scheduled maintenance programs; and (k) the moment of the day (e.g. existence of 

long buffer times in the midday as a “fire break time” in order to control delay propagation 

in a network). Finding the optimal turnaround time is known as the Turnaround Time 

Allocation (TTA) problem [12], [142], [170]. This topic is related to airline scheduling [35], 

[233], airport slot distribution [16], [65], system congestion mitigation [14], [68], [112], 

resource allocation [177] and delay propagation [59], [162]. 

Airlines seek to increase fleet utilisation by reducing total turnaround times; longer on-

ground times between flights increases opportunity costs, as well as other expenses 

associated to the use of airport facilities [1]. However, if turnaround times are tightly 

scheduled, the airline can incur in local on-ground lateness, multiplying inherent inbound 

delays. This situation leads to reactionary delays and congestion problems. Moreover, a 

significant portion of delay generation occurs at airports, where aircraft connectivity acts 

as a key driver for delay propagation [120]. Apart from the associated economic costs for 

all involved stakeholders [114], delays have a substantial impact on the schedule adherence 

of airports and airlines, passenger experience, customer satisfaction and system reliability 

[12], [35], [143]. Therefore, uncertainty management and delay propagation affecting 

internal airport processes have received significant attention over the years [13], [28], [34], 

[37], [141], [177]. Increased on-ground periods through “buffers” and “fire break times” 

may act as delay recovery mechanisms, in order to control delay propagation in a network. 

Therefore, the scheduling optimisation problem for TTA (setting block times) is a trade-

off between limiting the on-ground flight phase to the minimum required time (increasing 

fleet utilisation and reducing airport parking associated costs) and adding an additional 

“buffer” time (allowing schedule adherence, absorbing inbound delay and ensuring crew 

and passenger connectivity). Scheduled block time (SBT) setting is thus a crucial part in 

airlines’ scheduling [143], [233]. Two main approaches have been used to solve the TTA 

optimisation problem. The first one considers a sequential view of the different processes 

that shape the aircraft turnaround, i.e. some tasks cannot be started until some others are 

completed [13], [236], [237]. This methodology distinguishes the required time for each 

partial operation, and the objective is to find the optimal order or the critical path that 

minimises turnaround time by reducing costs. It leads to a version of the Resource 

Constraint Project Scheduling (RCPS) problem [239], an application of the Project 

Evaluation and Review Technique (PERT) method [13], [145], or a stochastic modelling 

followed by Monte Carlo simulation [34]. The second approach treats the turnaround 

process as a “single block”. In this case, the goal is to minimise costs considering the 

schedule adherence of flights. Costs result from delays (inherited from the previous flight 
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and generated locally) or from adding an on-ground “buffer” (extra time - potential 

underused or untapped resources). This approach leads to mathematical optimisation 

methods that evaluate the potential impact of schedule changes on flight delays and delay 

related costs [38], [142], [240]. Moreover, most of the proposed methods to solve the TTA 

problem can be categorised into two approaches, i.e., empirical/stochastic [34], [140], 

[144], [241] and numerical [38], [142]. 

The dynamically changing operation at airports makes it difficult to accurately predict 

operational times or generate fixed strategies for all situations [72]. Therefore, adaptive and 

stochastic approximation methods can be a useful tool for solving airport operational 

problems [170]. In the field of airport on-ground operations, optimal control theory and 

reinforcement learning methods have been previously applied for predictability and 

management of taxi-out and runway occupancy times [72], [107]–[109], [146]. These 

methods deal with the problem of finding a control law for a given system, such that a 

certain optimality criterion is achieved; the aim is to derive control policies. 

Reinforcement learning and approximate dynamic programming methodologies have 

been proved to be effective for control of non-linear stochastic and dynamic systems [244]. 

This is aligned with the complex nature of airport operations and the uncertainties involved, 

which often make it difficult to obtain mathematical models to describe the complete airport 

dynamics. In such situations, feedback control techniques allow us to adapt the results to 

the changing conditions. Werbo’s work [245] illustrates the connection between various 

control theories and approximate dynamic programming. 

Methodologically, we approach the TTA optimisation problem from a dynamic 

management perspective, based on reinforcement learning. This allows us to develop a 

continuous adjustment of the optimal TTA policy through a feedback control system, in 

order to evaluate scheduling questions such as the variation of scheduled time and the 

efficiency of turnaround operations under different conditions (airline strategy, airport 

congestion, air traffic regulations and level of inbound delay). Therefore, when setting the 

optimal TTA, we consider not only outbound delay and “buffer” costs, but also the costs of 

(a) perturbations in schedule adherence, (b) internal (local) delays, and (c) airport level of 

congestion. 

Hence, the main contribution of the study regarding the TTA problem is twofold: first, 

the introduction of a feedback control system approach, as a way to dynamically learn how 

to map situations to actions; and second, the consideration of additional costs, like those 

associated to system congestion and to the impact of schedule perturbations (availability of 

resources). This methodology, which can be used to support decision making processes in 

balancing turnaround associated costs, improves departure time predictability (TOBT 

setting) and increases the system’s robustness and resilience. One of the main contributions 

to performance from Airport-Collaborative Decision Making (A-CDM) is the TOBT. Its 

quality can be assessed, by measuring its timeliness, accuracy and predictability. The 

confidence for decision making relies on the quality of the TOBT, which in turn depends on 

the turnaround time allocation accuracy. Moreover, the model can be adapted to adjust the 
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optimal policy to different aircraft types, airline business models, airport configurations and 

handling agent characteristics. 

7.2.2 Problem statement and methodology 

Main opportunities to recover arrival delays and improve schedule adherence arise at 

the turnaround stage [18], [34], [380]. For the purpose of this work, aircraft turnaround 

activities are aggregated as a “single” process or “black box”. This approach has proven its 

efficiency when assessing airline schedules and airport slot distribution [13]. It provides us 

with a “macro” view of aircraft turnaround operations and simplifies the observation and 

modelling work needed to adjust on-ground time allocation. To complete this approach we 

use a “timestamp” framework: the evolution of a flight, including the ground phase, can be 

described as a sequential flow of events [38], [122], [123]. Each of these events occurs 

consecutively, and if any of them gets delayed, this may result in subsequent processes also 

being delayed (unless certain “buffers” or “slacks” are added into the times allocated to the 

completion of certain tasks). The Airport Collaborative Decision Making (A-CDM) concept 

is based on the definition of “timestamps” to enable close monitoring of significant 

procedures. It aims at increasing the overall efficiency of airport operations by optimising 

the use of resources and improving the predictability of events. The A-CDM framework 

focuses especially on aircraft turnaround and pre-departure sequencing processes [125]. 

The main contribution of this milestone approach is to achieve common situational 

awareness among all stakeholders by tracking the progress of a flight from initial planning 

to take-off. The main priority in the A-CDM program is the implementation of the Target Off-

Block Time (TOBT) and the Turnaround Time Allocation (TTA) by using the milestone 

approach to improve predictability during the turnaround process of aircraft [48]. 

Regarding the aircraft turnaround time at an airport, the following timestamps and metrics 

are considered in the proposed methodology for the TTA problem [42], [125]: 

• SIBT (Scheduled In-Block Time): The time that an aircraft is scheduled to arrive at 

its first parking position. 

• SOBT (Scheduled Off-Block Time): The time that an aircraft is scheduled to depart 

from its parking position. 

• TOBT (Target Off-Block Time): The time that an aircraft operator/handling agent 

estimates that an aircraft will be ready, all doors closed, boarding bridge 

removed, push back vehicle present, ready to start up/push back immediately 

upon reception of clearance from the TWR (air traffic control tower). 

• AIBT (Actual In-Block Time): The time that an aircraft arrives in-blocks. 

Equivalent to Airline/Handler ATA (Actual Time of Arrival) and ACARS (Aircraft 

Communications Addressing and Reporting System) = IN. 

• AOBT (Actual Off-Block Time): Time the aircraft pushes back/vacates the parking 

position. Equivalent to Airline/Handlers ATD (Actual Time of Departure) and 

ACARS = OUT. 

• MTT (Minimum Turnaround Time): Minimum time required to complete the 

turnaround process. 
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• Turnaround “Buffer” (b): Increased on-ground period, i.e., schedule 

contingencies. There are two main categories of turnaround buffers [399]: (a) 

“at-gate buffer”, defined as the additional time built into the schedule specifically 

to absorb delay whilst the aircraft is on the ground and to allow recovery 

between the rotations of aircraft (although it may be necessary to wait for 

connecting passengers or for a crew change), and (b) “slot buffer or slack time”, 

due to the availability of airport slots: waits imposed upon the airline by factors 

that are essentially exogenous to its scheduling. 

• STT (SOBT-SIBT): Scheduled Turnaround Time (MTT + b). 

• Arrival delay (AOBT-SIBT): d1, inbound delay. Inherited delays from previous 

flight segments are key elements for airlines when allocating the turnaround 

scheduled time. Reactionary delays (caused by late arrival of aircraft or crew 

from previous journeys) may accumulate their impact throughout the day due to 

network effects. This is why airlines often build in larger buffers on earlier legs, 

as these typically have greater operational impact [399]. Reactionary delays 

usually represent 40%-45% of all generated delay minutes [40], [121]. 

• Turnaround delay: d2 (local delay) + d3 (ATFCM - Air Traffic Flow and Capacity 

Management delay). Local delay is due to perturbations in the system during 

turnaround operations (passenger and baggage processes, cargo, weather, 

airport facilities and procedures, technical and aircraft equipment, airline 

operations and handling), according to IATA delay coding system [32]. ATFCM 

delay is due to flow and capacity regulations: aircraft are hold on ground, 

preventing them to encounter airborne delays (holdings and/or path stretching) 

during which fuel is burnt and emissions are produced [58], [276]. 

• ATT (AOBT-AIBT): Actual Turnaround Time (MTT + d2 + d3) 

• Turnaround excess time: STT - ATT = [(d2+d3) - b]. This concept shows that there 

is a difference between the aircraft scheduled turnaround time and the actual 

turnaround time that goes beyond operational delay. It is related to the idea that 

turnaround duration can be “artificially” enlarged by the presence of schedule 

“buffers” or ATFCM regulations. 

• Departure delay (AOBT-SOBT): d4, outbound delay. Departure delays result from 

various reasons, such as “inherited” arrival lateness, delayed ground processes 

and/or disturbed ground operations. 

• Arrival congestion index (K): For each operation, K is the ratio of aircraft landed 

in the previous hour to the airport’s declared arrival capacity at this hour. It 

ranges from zero to one during standard operations (as the declared capacity is 

lower than the maximum theoretical capacity [9], this index can present values 

above one in congestion situations or irregular conditions, e.g. see Figure 7-5 for 

the case study in Section 7.2.3). Landing airport capacity is the element of the 

network which causes congestion and potentially lengthy flight delays which 

spread over the network [28]. This index allows us to include in our optimisation 

model not only airline schedules and delay costs, but also the airport level of 

congestion, as a precursor for far-reaching system-wide impacts. 
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The relationship between delays and operational times (scheduled, actual and targeted), 

is depicted in Figure 7-3. 

 

Figure 7-3. Milestones for the turnaround time allocation problem (not at scale). 

Delays are defined as “schedule delays”: the difference between a planned time and the 

actual one. “Schedule delay” can refer to a difference in either the early or late direction 

[282]. Therefore, schedule delays can be positive or negative. Schedule delays are common 

occurrences in airline and airport operations, given the multiple agents involved, the 

stochastic nature of operating times, and the unexpected disruptions in tasks. “Negative” 

delays occur when the schedule is running close to plans and can cause issues for airport 

operations; e.g., disrupting the sequencing of flights and the allocation of resources (gates, 

handling equipment), especially during peak hours at busy airports [12]. “Positive” flight 

delays often cause significant problems for all the involved stakeholders; e.g., they affect 

operational and financial performance of airports and airlines, schedule adherence and use 

of resources, passenger experience and satisfaction, and system reliability [1], [12]. 

The problem we want to solve is stated as follows: given certain inbound delay and level 

of congestion (state variables), we seek to find the optimal turnaround time allocation 

(control law), by considering costs related to delays, congestion, schedule deviations and 

on-ground extra time. We use a hybrid approach between the classical empirical and 

numerical models: a dynamic management model through reinforcement learning, so a 

feedback control can be implemented. The use of congestion as a state variable allows us to 
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include the impact of the time of day and the existence of potential “fire break times”; 

whereas the use of inbound delay considers the network effect (accumulated reactionary 

delays). These factors were found to be determinant in the TTA problem by previous studies 

[34], [38], [142]. 

We optimise the STT as a method for deriving global control policies. The STT is 

aggregated as a “single block” (including partial processes and on-ground “buffer”) so the 

methodology can be easily adapted to consider inherent factors (aircraft type, airport 

configuration, “buffer” strategies and handling operative characteristics) and external 

conditions (weather, air traffic regulations). 

7.2.2.1 Dynamic management mathematical model 

We consider the following non-linear discrete-time dynamic system 

𝑥𝑡+1 = 𝑓(𝑥𝑡 , 𝑢𝑡), 𝑡 = 0,1,2,… 

with a continuous map 𝑓 ∶ 𝑋 × 𝑈 → 𝑋 on compact sets 𝑋 ⊆ ℝ2, 𝑈 ⊆ ℝ. 𝑋 is called the 

state space and 𝑈 is the control space. Moreover, let us define the column vector 𝑥𝑡 = [
𝑑1

𝑘
]
𝑡
, 

where 𝑑1𝑡 is a sequence (𝑡 = 0,1,2, … ) of arrival delays measured in minutes. On the other 

hand, 𝑘𝑡 is also a time sequence containing the values of the arrival congestion index, 

concretely 0 < 𝑘𝑡 ≤ 1. 𝑢𝑡 is the turnaround time at time 𝑡. Additionally, we define a 

continuous running cost function ∶ 𝑋 × 𝑈 → ℝ , such as 𝜋(𝑥𝑡 , 𝑢𝑡; 𝑦), where 𝑦 is a value that 

depends on external parameters. We assume 𝜋 to be a bounded function with a lower limit. 

Provided an initial state 𝑥0 = [
𝑑1

𝑘
]
0

, our goal is to find a feedback law 𝐹 ∶  𝑋 → 𝑈 that 

stabilises the system, in the sense that discrete trajectories for the closed-loop system 

𝑥𝑡+1 = 𝑓(𝑥𝑡 , 𝐹(𝑥𝑡)), 𝑡 = 0,1,2… (27) 

minimises the accumulated cost 

∑ 𝛽𝑡𝜋(𝑥𝑡 , 𝐹(𝑥𝑡); 𝑦)

𝑇−1

𝑡=0

 , 𝑡 = 0,1,2…  (28) 

where 𝛽 is a discount factor, such as 0 < 𝛽 < 1. Moreover, 𝑦 includes costs related to 

delays, congestion, schedule deviations and on-ground extra time, through 𝑦 =

𝑔(𝑑2, 𝑑3, 𝑑4), where 𝑔 is a continuous function that assigns an input for the previous costs. 

d2 is the local delay, d3 is the ATFCM delay and d4 is the outbound delay, measured in 

minutes. 

In order to obtain the feedback policy, we use the following optimality principle 
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𝑉(𝑥) = min
𝑢∈𝑈

{𝜋(𝑥, 𝑢; 𝑦) + 𝛽𝑉(𝑓(𝑥, 𝑢))} , 𝑥 ∈ 𝑋 (29) 

Where 𝑉 ∶  𝑋 → ℝ is the optimal value function [see Bertsekas (1995)]. Using 𝑉, we find 

the feedback map by 

𝐹(𝑥) ∈ 𝑎𝑟𝑔 min
𝑢∈𝑈

{𝜋(𝑥, 𝑢; 𝑦) + 𝛽𝑉(𝑓(𝑥, 𝑢))} , 

whenever the minimum exists (under continuity of V, for instance). Let us define the 

Bellman Operator 𝑇(·) in Equation (30), such as 

𝑇𝑉(𝑥) = min
𝑢∈𝑈

{𝜋(𝑥, 𝑢; 𝑦) + 𝛽𝑉(𝑓(𝑥, 𝑢))}, (30) 

denoting by 𝑇𝑛 the composition of the mapping 𝑇 with itself n times, so 

(𝑇𝑛+1𝑉0)(𝑥) = min
𝑢∈𝑈

{𝜋(𝑥, 𝑢; 𝑦) + 𝛽(𝑇𝑛𝑉0)(𝑓(𝑥, 𝑢))}. (31) 

It can be proof [400] that lim
𝑛→∞

𝑇𝑛𝑉0 = 𝑉∗,  by means of the contraction mapping theorem 

(see Bertsekas’s work [388]) where, operating in Equation (31), 

𝑉∗(𝑥) = min
𝑢∈𝑈

{𝜋(𝑥, 𝑢; 𝑦) + 𝛽𝑉∗(𝑓(𝑥, 𝑢))} , 𝑥 ∈ 𝑋, (32) 

being Equation (32) a fixed-point equation to solve numerically (see Powell’s work 

[384]). 

7.2.2.2 Reinforcement learning algorithm 

The following reinforcement learning algorithm (Table 7-1) is designed in order to solve 

the fixed-point equation (31). The idea for the algorithm comes from a wide range of 

literature related to this field (see the work of Buşoniu, Schutter and Babuška for an 

excellent review [242]). In our case, we deal with a continuous-space and infinite-horizon 

problem. According to the literature, we have to appraise the intersection between Value 

iteration and Model-based techniques. The main steps of our algorithm are presented in this 

section, also involving approximate value iteration as a way to get a continuous-space 

solution from a discretised method [244], [384]. 

Below, we present the main steps of the algorithm (Table 7-1), which is based on 

repeatedly solving equation (27), based simultaneously on an estimate of 𝑉(𝑥). From an 

initial guess (for instance, 𝑉0(𝑥)), we approximate 𝑉𝑖(𝑓(𝑥, 𝑢)), and then an initial optimal 

candidate is obtained 𝑢0 based on Equation (29). We get and optimal value 𝑉1(𝑥) associated 

to 𝑢0 and, in the same way, we obtain a new optimal candidate 𝑢1. A sequence of fixed-points 



7. Response optimisation 

211 
 

iterations continues until the sequence {𝑉1, 𝑉2, … } converges under the scheme defined in 

Equation (31). 

Table 7-1. Reinforcement learning algorithm for TTA. 

 Algorithm for Optimal Turnaround Managing 

1 Define a set of n admissible values for 𝑑1 and 𝑘 such as 𝑥�̂� = {[𝑑1, 𝑘]𝑖}𝑖=1
𝑛  

 Formulate an initial guess for initial value 𝑣�̂� = {0}𝑖=1
𝑛 , usually zero. 

 Initialise a set of m parameters to approximate the value function 

𝑐�̂� = {0}𝑖=1
𝑚 , usually zero. 

 Fix 𝑡𝑜𝑙 > 0 and 𝛽 

2 WHILE 𝜖 > 𝑡𝑜𝑙 

 Set  𝑣𝑜𝑙𝑑 = �̂� 

3           FOR  𝑖 = 1,… , 𝑛 

 Set 𝑦 according to a cost rule 

 𝑣𝑖,𝑛𝑒𝑤 = min
𝑢∈𝑈

{𝜋(𝑥�̂�, 𝑢; 𝑦) + 𝛽𝑣𝑖(𝑓(𝑥�̂�, 𝑢))̂ } 

     
𝑣𝑖(𝑓(𝑥�̂�, 𝑢)) = ∑�̂�𝑗

𝑚

𝑗=1

𝜑𝑗(𝑓(𝑥�̂�, 𝑢)) 

           END FOR 

 Set  �̂� = 𝑣𝑛𝑒𝑤 

4 Get  �̂� = 𝑎𝑟𝑔min
𝜇

‖�̂� − Φ(�̂�)𝜇‖2 

5 𝜖 = ‖𝑣𝑛𝑒𝑤 − 𝑣𝑜𝑙𝑑‖ 

 END WHILE 

The notation used to approximate the value function (see step 3 in the algorithm) is: 

1. 𝑣 is a column vector of dimension n (corresponding to a discrete 𝑉(𝑥)) 

2. 𝑐 is a column vector of dimension m 

3. Φ(�̂�) is a matrix 𝑛 × 𝑚, defined as follows Φ(�̂�) = [
𝜑1(𝑥1̂) … 𝜑𝑚(𝑥1̂)

… ⋱ …
𝜑1(𝑥�̂�) … 𝜑𝑚(𝑥�̂�)

] 

4. 𝜑𝑗(𝑥�̂�) is the j-th basis function for the i-th point [generally, a radial basis function, 

as defined by Murray et al. [382]. 

We approximate the value according to the following learning model 

𝑣 =  Φ(�̂�)𝑐 + 휀 (33) 

Where 휀 is a random error (white noise). 
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The algorithm works as follows: in step (1), it starts with a set �̂� ∈ 𝑋 of possible values 

for the state variables (in this case, arrival delay and congestion), an initial value array �̂� 

(generally zero) and an initial value for the set of parameters 𝑐. In (2), we iterate by 

minimising the value function. At any algorithm step in (3), the cost 𝜋 is computed. The 

target is to learn from the iterative mechanism in order to minimise the value by finding the 

best policies for 𝑢. In (4), at every step, the algorithm uses Equation (33) to get the best 

fitting parameters to approximate the value function. An approximator for 𝑣(𝑓(�̂�, 𝑢)) is 

needed because, in general, 𝑥′ = 𝑓(�̂�, 𝑢) are points out of the initially set defined in step (1), 

as we have applied 𝑓(·) to an optimal candidate to policy choice 𝑢 ∈ 𝑈. This problem arises 

from the difficulty of working with a very fine discretisation [due to the curse of 

dimensionality, see Powell’s work [384]) in the state space. Finally, when the algorithm 

converges in step (5) we have attained a set of optimal policies 𝑢∗ (proposed turnaround 

times), linked to the initial state variables’ points. We can approximate the optimal policy to 

any possible point in the state space. 

The main key of our algorithm is that it reads from the intersection of the Bellman 

Equation, suitable for discrete-time Optimal control problems, the principle of Approximate 

Dynamic Programming (ADP) [388] and some of the approaches of value iteration 

algorithms taken from the literature of reinforcement learning [385]. The approach of 

reinforcement learning used in this study mainly deals with problems in which there is an 

agent in a data driven dynamic system. The agent makes some policy decisions regarding a 

set of control variables, so a reward is provided. But this policy also affects future rewards. 

When the optimum is reached, we obtain a feedback control law: the optimal policy is 

conditional to state variables (hence, it is a function, not only a value). One of the advantages 

of this technique is the possibility of the agent to readapt its policies in concordance with 

the possible sudden changes in the state variables, due to external shocks in the system. The 

way to synthesise a feedback policy from a data base is, firstly, to estimate a statistical time 

series model, mainly non-linear, that links the policy decisions to the state variables. We use 

a designed value iteration algorithm for this purpose [401]. Hence, we adapt the cost 

functions to the airline characteristics and the previously estimated dynamic system. We 

also take advantage of mesh-free techniques in order to deal with the curse of 

dimensionality [384] and we apply ADP. One of the advantages of using ADP is that reduces 

the cost of computing (since we do not need, for instance, a rectangular mesh) and the 

amount of points needed to get the optimal value. Finally, we also apply Radial Basis 

Functions (RBF), very common in reinforcement learning literature [385], to approximate 

both the value function and the feedback policy at every point inside the continuous state 

space. The methodology for solving the TTA problem is illustrated in Figure 7-4. 

The model is capable to adapt the proposed policy to changes in the system, due to the 

feedback control rule. This is particularly important for airline scheduling problems: the 

stochastic characteristics of airline operations make them dependent on airline business 

strategy and procedures, but also on the operating environment (airport and air traffic 

regulations). 
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Figure 7-4. Functional block diagram for the methodology development. 

7.2.3 Case study 

The TTA optimisation problem is applied to a case study at Adolfo Suárez Madrid-Barajas 

Airport (LEMD). The observation period corresponds to July and August of 2016, when 

67,678 aircraft movements (arrivals and departures) were registered at LEMD. Data 

regarding the aircraft and the flight (type, call sign/tail number and registration number) 

enable us to link the inbound and outbound movements, assessing each aircraft turnaround 

operation (i.e. trace the airport-airspace integrated operations). Therefore, by linking 

arriving and departing aircraft we can obtain the operational milestones and metrics for the 

TTA problem. The data preparation phase covers all activities required to arrange the final 

dataset from the initial raw operational data provided by the airport, including locating and 

refining erroneous measurements. 

We perform an initial data analysis in order to understand the operational profile of 

turnaround operations at LEMD. Figure 7-5 (a) shows the demand profile against the 

declared capacity of the airport for the 22nd of July 2016 (a busy Friday with no significant 

disruptions in the network). Meanwhile, Figure 7-5 (b) illustrates the evolution of arrival 

average hourly delay over the day (with one standard deviation intervals), for the complete 

sample of operations. Arrival delay presents two peak periods (midday and late night), with 

higher levels at the end of the day. The operational analysis of the scenario shows that 

arrival delay increases and accumulates its impact over the day, due to the network effect. 

Therefore, a potential opportunity for delay recovering arises in turnaround operations. 

We analyse the turnaround operations of two airlines based on LEMD. The study is 

focused on short-medium range routes (intra-European) with limited scheduled 

turnarounds (below 150 minutes). Therefore, no “parking” or overnight based aircraft are 

considered. Moreover, we appraise operations with medium-short delays (between -15 min 

and +40 min delay in arrival), since causes of short delays are often quite different from 

causes of long delays (drivers for long delays are more related to irregular operations than 

to operational inefficiencies) [30], [40]. 
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(a) 

 
(b) 

Figure 7-5. (a) Traffic demand profile for the 22nd of July and (b) Evolution of average hourly arrival 
delay (min/op) throughout the day for the complete sample (the error bars denote one 

standard deviation intervals). 

Each of the appraised airlines has a different business strategy. Airline A is a Low Cost 

Carrier with a point-to-point model. Meanwhile, Airline B follows a hub-and-spoke 

distribution system, with LEMD acting as its “central” hub (we therefore analyse the feeder 

traffic to long-haul flights). In order to obtain meaningful comparisons between the 

turnaround time allocation policies of both airlines, we select routes that are operated by 

similar aircraft in terms of on-ground service time (the Boeing 737 family and Airbus 

A319/A320/A321 models). We can obtain the minimum recommended turnaround time 

for each aircraft type and configuration from its Airplane Characteristics for Airport 

Planning manual [231], [402]. Therefore, we obtain a sample size of around 3,000 flights for 

each carrier (operated in the same season by similar aircrafts). 

Figure 7-6 shows a statistical description of the turnaround process for Airline A (Low 

Cost Carrier) by depicting (a) the histogram and (b) the cumulative density function. 

Although the sample is rather heterogeneous (a range of 150 min), almost 80% of 

turnaround operations are scheduled to last less than 60 min. 58% of operations fall within 

the interval from zero to 40 min. The mean, median and mode for the turnaround’s 

scheduled length are 49 min, 35 min and 35 min respectively. Figure 7-7 (a) illustrates the 

boxplot for the scheduled turnaround time; the “sample outliers” (that could be due to faulty 

data or potential non representative operations) might be excluded from the main sample, 

because of the possibility of biased results. Nevertheless, for a sample which is highly 

centred in the 35-45 min interval with a wide range of variation, these outliers are 

important for the analysis, as they provide significant operational information. Figure 7-7 

(b) represents the actual turnaround time (ATT) against the scheduled turnaround time 

(STT) for Airline A. Points below the diagonal line represent operations where the 

turnaround time has been compressed, by the use of buffers or improved ground operations 

efficiency or the allocation of more resources to speed up aircraft turnaround (b > d2 + d3). 

Meanwhile, points above the diagonal illustrate delayed turnaround processes (b < d2 + d3). 

Tighter scheduled turnarounds (lower values of STT), show a pattern of higher delayed 

operations. 
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(a) 
 

(b) 

Figure 7-6. (a) Histogram and (b) Cumulative Density Function for the Scheduled Turnaround Time 
(min) for Airline A. 

 
(a) 

 
(b) 

Figure 7-7. (a) Boxplot for the Scheduled Turnaround Time (min) and (b) Actual Turnaround Time 
(min) against Scheduled Turnaround Time (min) for Airline A. 

Figure 7-8 and Figure 7-9 depict a similar analysis of the turnaround process for Airline 

B (Network Carrier). The mean, median and mode for the turnaround’s scheduled length 

are now 58 min, 50 min and 35 min respectively. Data show a higher dispersion in the STT 

of the Network Carrier; approximately 60% of turnaround operations are scheduled to last 

less than 60 min and 27% of operations fall within the interval from zero to 40 min. Hence, 

for similar routes and aircraft models, the Low Cost Carrier tends to schedule tighter 

turnarounds (in the purse of high daily aircraft utilisation). Moreover, Figure 7-9 (b) 

illustrates that points above and below the diagonal (“positive” and “negative” turnaround 

excess times) are more equally distributed than in Figure 7-7 (b). 

Figure 7-10 illustrate the arrival delay histogram for (a) Airline A and (b) Airline B. Data 

show that in the group of considered delays (-15 min < d1 < 40 min), the Low Cost Carrier 

presents a "skewed left" distribution: the tail of “negative” delays is considerable longer. For 

the Network Carrier, arrival delays are more symmetrically distributed (and highly centred 

in -5 min < d1 < 5 min). 

While the arrival delay histogram for the Network Carrier is in line with what is 

operationally expected and can be explained by punctuality targets (delays centred at zero 

and a high density of data in the interval -15 min < d1 < 15 min), the left-skewing of the Low 
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Cost Carrier histogram may result surprising. This unusual result (a long tail of “negative” 

arrival delays) is partially due to the airline turnaround strategy but also due to the 

following operational situations: 

• During periods prior to aircraft arrivals for the appraised routes, data reveal the 

presence of usual variations in runway configuration, towards a most favourable 

condition for Airline A regarding terminal access and taxiing times (influence of 

airport layout). From an initial South configuration [(Figure 7-11 (a)], there is a 

change towards North configuration [Figure 7-11 (b)]. Airline A operates at 

Terminal T1: in LEMD, the highest actual taxiing times result from the 

combination of north runway configuration and the use of the T123 terminal 

area and its associated stands. Conversely, opportunities for time-recovery at the 

taxiing stage (lowest taxiing delays) can be found with north configuration and 

the use of the T1 terminal area. 

• Most of these “negative” delays occur in early morning flights, when the network 

effect has not yet impacted the tight schedules of the Low Cost Carrier and delays 

are recoverable. 

These two issues give rise to a decrease in in-block delay. 

 
(a) 

 
(b) 

Figure 7-8. (a) Histogram and (b) Cumulative Density Function for the Scheduled Turnaround Time 
(min) for Airline B. 

 
(a) 

 
(b) 

Figure 7-9. (a) Boxplot for the Scheduled Turnaround Time (min) and (b) Actual Turnaround Time 
(min) against Scheduled Turnaround Time (min) for Airline B. 
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(a) 

 
(b) 

Figure 7-10. Arrival delay (min) histogram for (a) Airline A and (b) Airline B. 

 
(a) 

 
(b) 

Figure 7-11. Intrument approach chart for (a) South configurtation and arrival runway 18L; and (b) 
North configurtation and arrival runway 32L. 

Some arriving delayed flights might propagate this delay to their subsequent departure 

leg (reactionary delay). In order to model this propagation effect, and assess the optimal 

turnaround time allocation, the scheduled turnaround times (STT) and the minimum time 

required to perform the turnaround operation (MTT) are computed for each flight. STT is 

obtained from the airport operational data by linking inbound and outbound flights. 

Meanwhile, MTT is estimated based on the aircraft type as follows. Figure 7-6 (b) and Figure 

7-8 (b) provide the turnaround Cumulative Density Function (CDF) for the scheduled 

turnaround times of both airlines. For airline B, the MTT has then been computed for each 

individual flight as a random value between the 10% and the 50% interval of the probability 

distribution. Note that if this MTT is lower than the STT, then the MTT has been considered 

to be the STT. Montlaur and Delgado [111] already found this procedure to be efficient when 

analysing the MTT. For airline A, where 58% of operations fall within the interval from zero 

to 40 min, MTT for each aircraft type is obtained by comparing the minimum recommended 
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turnaround time (at the Airplane Characteristics for Airport Planning manuals [231], [232]) 

with the scheduled and actual turnaround time for each operation. 

7.2.4 Results and discussion 

This section shows how the proposed novel machine learning approach is used for the 

TTA problem, illustrating the main results. 

7.2.4.1 Models and estimated functions 

We estimate a set of models corresponding to the discrete-time dynamic systems related 

to Equation (27). Considering equally spaced time gaps in the data generating process, we 

estimate discrete-time series models [403] following an iterative methodology, in order to 

find the best specification under our sample conditions. Regarding the state variables, we 

find as best models a logarithmic one for the arrival congestion index (k) and a linear-log 

for the arrival delay (d1). The functional form of the estimated equations are as follows: 

𝑙𝑜𝑔(𝑘𝑡) = 𝛽0 + 𝛽1 log(𝑘𝑡−1) + 𝛽2𝑑1,𝑡−1 + 𝛽3 log(𝑢𝑡) + 𝛽4 log(𝑢𝑡) × log(𝑘𝑡−1) + 𝛽5 log(𝑢𝑡) × 𝑑1,𝑡−1

+ 𝜖𝑡 

𝑑𝑡 = 𝛿0 + 𝛿1 log(𝑘𝑡−1) + 𝛿2𝑑1,𝑡−1 + 𝛿3 log(𝑢𝑡) + 𝛿4 log(𝑢𝑡) × log(𝑘𝑡−1) + 𝛿5 log(𝑢𝑡) × 𝑑1,𝑡−1 + 𝑎𝑡 

Where 𝜖𝑡 and 𝑎𝑡 are uncorrelated, independently and identically distributed white noise 

processes. The parameters are estimated by Least Squares (see Table 7-2) where we show 

the best fitting alternatives. 

Table 7-2. Parameters for the model. 

 Airline A Airline B 

VARIABLES log (𝑘) 𝑑1 log (𝑘) 𝑑1 

     

log (𝑘𝑡−1) 0.188*** 69.06*** 0.947*** 2.984** 

 (0.0651) (8.443) (0.0657) (0.819) 

𝑑1,𝑡−1 0.00324*** -0.265*** -0.000337 0.120* 

 (0.000606) (0.0786) (0.000616) (0.0152) 

log (𝑢) 0.0561*** -3.388*** -0.0134 4.366*** 

 (0.00894) (1.159) (0.00903) (1.102) 

log (𝑢) × log (𝑘𝑡−1) 0.105*** -17.08*** -0.0494*** 1.113** 

 (0.0149) (1.934) (0.0156) (0.402) 

log (𝑢) × 𝑑1,𝑡−1 -0.000738*** 0.0771*** 7.54e-05 0.00496 

 (0.000136) (0.0176) (0.000143) (0.0174) 

Constant -0.469*** 15.37*** -0.0801** -6.328 

 (0.0415) (5.379) (0.0387) (4.728) 

     

Observations 2,990 2,990 3,892 3,892 

R-squared 0.413 0.480 0.557 0.548 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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The parameters shown in Table 7-2 are used to feed the algorithm for turnaround 

managing in step (2) (see Table 7-1). 

For the model total cost function, we consider the costs associated to: (a) departure delay 

(d4), (b) “buffer” extra time on-ground, (c) perturbations in schedule adherence, (d) local 

and ATFCM delays (d2 + d3) and (c) airport level of congestion. The internal parameters of 

the cost function shape the sensitivity of the system to these perturbations and are modelled 

using past studies [12], [107], [114], [142], and information from the involved airlines. Both 

the cost function and the functional form of the state variables are particular for the studied 

airlines, and should be re-calculated when generalising the model and applying the 

methodology to other operators, airports, aircraft and routes. 

7.2.4.2 Policy results 

We run our algorithm considering a discount parameter of 𝛽 = 0.95, similar to the one 

used in the literature [72], [107]. The main outcome of the algorithm is the feedback map 

displayed on Figure 7-12 and Figure 7-13. The optimal turnaround policy time is a function 

of both state variables: arrival congestion index (k) and arrival delay (d1). The numerical 

solutions of the method allow airlines to obtain policy recommendations. 

 

Figure 7-12. Optimal turnaround time allocation policy for Airline A (Low Cost Carrier). 

For Airline A (Low Cost Carrier), “negative” inbound delays with low levels of arrival 

congestion (below 0.2) provide an optimal policy for turnaround times that is slightly above 

the minimum turnaround time (MTT). The optimal policy is highly influenced by arrival 

delays: turnaround time grows with d1 at a significant rate when d1 is in the interval 

between 20 and 40 minutes (aiming to absorb inbound delays on the ground). Nevertheless, 

for this range, congestion indexes greater than 0.2 considerably reduce the optimal policy 

(the costs of extra on-ground time and induced system congestion limit the enlargement of 

the turnaround time). 
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Figure 7-13. Optimal turnaround time allocation policy for Airline B (Network Carrier). 

For Airline B (Network Carrier), the optimal turnaround time is almost always set in the 

MTT, especially with high values of the congestion index (driven by the high costs related 

to losing connectivity of the feeder traffic during the hub windows -highly congested 

periods-). However, there is area defined by arrival delays between 20 and 80 minutes and 

congestion indexes between zero and 0.2 where the optimal turnaround time abruptly 

grows with d1. Congestion indexes between 0.2 and 0.4 limit the growth of the optimal 

policy with d1. k affects the turnaround time in a discrete way: certain ranges of k have an 

impact on the optimal policy, but it is not a monotonous effect as in the case of d1, where 

marginal changes in the variable clearly affect the objective. 

Results regarding turnaround time allocation are in line with those obtained by previous 

studies: punctuality performance of inbound aircraft highly influences the optimal 

turnaround policy [34], [38]. This conclusion is especially significant for Low Cost Carriers. 

Likewise, results concerning the impact of congestion on turnaround processes are aligned 

with the conclusions of previous studies: during highly congested periods, limiting 

scheduled “buffer” times on the ground reduces the cost of system saturation [14], [107], 

[122]. 

7.2.4.3 Comparison between recommended and real decisions 

Figure 7-14 illustrates the histograms that represent the distribution of the difference 

between the real policy decisions (obtained from the historical data) versus the optimal 

recommendations of the model (obtained by applying the values of the state variables 

recorded at the database to the feedback decision rule). In both cases the distributions are 

centred in zero. Even so, we find different patterns regarding the optimal policy. For Airline 

A [Figure 7-14 (a)], although there is a high quantity of probability accumulated around 

zero, we can observe that this carrier uses to unbalance its policy with more probability in 

negative values (the turnaround time is “underprovided”; i.e., they are scheduling tight 

turnaround times). Therefore, their real policies are, generally, slightly needing more time 

to achieve the recommended optimal turnaround time. However, the distribution is also 
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skewed to the right, which means that there are some extreme points (in which their 

scheduled turnaround time is remarkably greater than the optimal policy). In the case of 

Airline B [Figure 7-14 (b)], the distribution also has a tendency to be right skewed. But, in 

general, their probability is more concentrated around zero, which means that their 

planned turnaround time is closer to the optimum one. 

 
(a) 

 
(b) 

Figure 7-14. Distribution of the difference (min) between the real policy decision and the 
recommended one for (a) Airline A and (b) Airline B. 

7.2.5 Concluding remarks 

Turnaround time allocation models usually consider static and fixed strategies. The 

optimisation methodology developed in this study improves the traditional view by 

considering a feedback control technique based on a reinforcement learning approach. 

Therefore, the model is capable to adapt the proposed policy to changes in the system. This 

is particularly important for airline scheduling problems: the stochastic characteristics of 

airline operations make them dependent on their strategy and procedures, but also on the 

operating environment (airport and air traffic regulations). Furthermore, the nature of the 

airline business model (more connecting traffic or more point-to-point traffic) and the 

schedule planning (the usage of “buffer” time) are key elements when managing on-ground 

operations, and the proposed method is capable to adapt the results to the airline sensitivity 

to external factors. Moreover, traditional turnaround management methods focus their 

analysis only on delay and “buffer” costs. Our model widens this approach to a system-level 

solution by also considering cost related to perturbations in schedule adherence, local and 

ATFCM delays and airport level of congestion. 

Results show that an accurate use of turnaround time allocation methods (through 

schedule “buffer” time) is able to manage the punctuality performance of aircraft during 

turnaround operations by minimizing system costs. The influence of arrival punctuality of 

inbound aircraft is found to be significant on the departure punctuality of aircraft. This is 

particularly important for Low Cost Carriers, as these airlines tend to schedule tighter 

turnaround. The level of congestion is also a key element when assessing an optimal 

turnaround policy. This is remarkable for Network Carriers, as they tend to operate during 

highly congested hub windows and have the risk of losing connectivity of the feeder traffic. 
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Regarding the analysis of real turnaround policies, the appraised Low Cost Carrier tends to 

schedule “underprovided” turnaround times, while the Network Carrier plans turnaround 

times closer to the optimum ones. The scheduling of turnaround time is driven by the airline 

business model and should consider the individual punctuality performance of each route 

and airline; i.e. different schedule “buffer” times should be applied depending of the 

particular characteristics of the route, the airline and the airport. 

The proposed method has two main applications: (a) from a planning point of view, it 

allows us to obtain optimal policies that react to the state variables (i.e., we provide a 

decision making rule and not only a static optimal value), and (b) from a post-analysis 

perspective, the methodology allows us to appraise past strategies, by comparing the real 

decisions to the optimal solutions proposed. 

Machine learning techniques, particularly reinforcement learning, has proven to be an 

excellent method to solve the turnaround time allocation problem. It may help airlines to 

reach schedule adherence, absorb inbound delay, ensure crew and passenger connectivity 

and improve operational predictability for departure times. 

Future work will be focused on improving the accuracy and reliability of the model (more 

complete testing data and methodological improvements), and on comparing the results 

when the methodology is applied to other airlines and airports (generalise the case study, 

particularly regarding the cost function and the functional form of the state variables). 
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8. Conclusions 

The Conclusions section discusses the main results and how they can be interpreted in 

perspective of previous studies and of the working hypotheses. Findings and their 

implications are discussed in the broadest context possible. Future research directions are 

also highlighted. Therefore, this section includes the following items: 

• Summary of results and main findings, with reference to previous research. 

• Explanation of discoveries, inter-relating them with reference to previous 

research and to the study objectives. 

• Assessment of applicability of the proposed models, highlighting their practical 

utility. 

• Review of main contributions of the study (gaps we addressed regarding the 

existing literature). 

• Appraisal of limitations of the study. 

• Analysis of recommendations and suggestions for future research 

8.1 Main research areas for the study 

The models we present in this study are related to the following key elements: 

• Decision theory and the development a graphical model (map) of the processes 

to understand the functional relationships and interdependencies between all 

entities of an airport operations network (as a complex system). 

• Extending this map (Business Process Model) to a probabilistic graphical model 

(a Bayesian Network approach to create an influence diagram), to predict delay 

propagation across the airport operations network using what-if scenarios. 

• Definition of performance metrics by the means of delay and operational capacity 

in order to assess the system’s current condition. 

• Introduction of a Multistate airport reliability and performance model based on 

a Markov-Chain approach. The model opens a window of opportunities to move 

from traditional corrective approaches to a predictive perspective. 

• Detection of behaviour patterns regarding system degradation. 
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• Management of uncertainty in airport operations by the combination of the 

causal model (Bayesian Network) and the reliability model (Multistate Markov 

Chain), so we can assess and predict operational situations (system dynamics), 

as well as appraise potential response policies. 

• A control theory approach based on Dynamic Programming and Reinforcement 

Learning techniques to create a response model (that provides an optimal 

turnaround time allocation), allowing itself to adapt to new situations, e.g. by 

appropriate resource allocation or unexpected events. 

Hence, main contributions of the study (Figure 8-1) are related to (i) identification of 

main factors that influence performance (drivers and precursors) and appraisal of 

interdependences among them; (ii) assessment of the quantitative impact of these factors – 

performance thresholds; (iii) uncertainty management by enhancing predictability and 

assessing the system’s reliability; and (iv) response improvement by searching optimal 

policies in the turnaround process. 

The models we present allow us to characterise airport operations, detect anomalous 

behaviour patterns, improve processes’ efficiency, measure and predict performance 

indicators and optimise response policies in the E-TMA operational environment. 

 

Figure 8-1. Thesis contributions and chapters where they can be found. 

Regarding the specific research question, this study aimed to develop a methodology to 

assess and predict operational performance at a tactical level (time scale), focusing on an 

airport rather than on a system-wide prediction approach (space scale) and using different 

inputs like operational timestamps, meteorological features, aircraft and airline 

information, flight and route details and airport configuration. Direct benefits of the 

proposed models are enhancement of system efficiency, improvement of robustness in the 

presence of operational uncertainties, facilitation of resource allocation with multiple 

stakeholders and development of a decision-support tool that account for delay dynamics 

and behaviour. 
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8.2 Characterisation, monitoring and prediction in airport 
operations 

This study composes an overview of the operations that represent the aircraft flow 

through the airspace/airside system. In this analysis, we use a dynamic spatial boundary 

associated with the E-TMA concept, so that a linkage between inbound and outbound flights 

can be proposed. The aircraft flow is characterised by several temporal milestones related 

to the A-CDM method and structured by a hieratical task analysis, providing a BPM for the 

ATV stage. 

The application of the methodology to a case study of 34,000 turnarounds (registered at 

the peak months of 2016) at Madrid Airport showed that arrival delay increases and 

accumulates its impact over the day, due to network effects. But departure delay does not 

follow this pattern, which implies that the airspace/airside system is somehow capable of 

absorbing a fraction of the arrival delay across the ATV stage. We analyse this aptitude by 

studying and characterising the different processes that were previously identified with the 

BPM and the milestone approach. This evaluation of the system’s dynamics is completed 

with an appraisal of the relationships between the factors that influence the aircraft flow. 

We create a probabilistic graphical model, using a Bayesian Network approach that 

manages uncertainty at the ATV stage. This model allows us to perform a causal analysis, 

which aims to understand the interdependencies between factors influencing performance 

and delay (drivers and predictors), while quantifying their impact (thresholds and triggers). 

The model predicts outbound delays given the probability of having different values at the 

causal control variables. Moreover, by setting a target to the output delay, the model 

provides the optimal configuration for the input nodes. Different lessons can be learned 

regarding uncertainty propagation, time saturation and system recovery (where to act). 

Main potential drivers for delay include time of the day, congestion at ASMA, weather 

conditions, amount of arrival delay, scheduled duration of processes, runway configuration, 

airline business model, handling agent, aircraft type, route origin/destination and existence 

of ATFCM regulations. Events of longer duration (arrival and turnaround) are the ones that 

contribute the most to departure delay, but also those where more possibilities for recovery 

exist. In that sense, the model also informs us about how sensitive the different processes 

are to changes in arrival delay (arrival delay elasticity of processes). This evaluation of the 

system’s operational conditions is completed by the proposal of a phase map and a 

taxonomy regarding delay absorption, and the definition of different indexes and 

performance indicators. 

The proposed methodology has several applications: 

• Achieve a comprehensive understanding of operations at the ATV stage 

(airspace/airside integration). 

• Appraise the influence of changes in tactical decisions and policies on delay 

management (“what-if” scenarios). 
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• Ensure some target levels of efficiency are met, improve predictability and 

manage uncertainty regarding operations through the causal model. 

• Estimate the final departure delay (settlement of buffer time and optimal 

rotation times) using “forward” analysis. 

• Identify the main contributors (causes) to a final delay (locate inefficiencies) 

using “backward” analysis. 

These applications address several challenges at the airport/airline industry: enhance 

system efficiency, improve robustness in the presence of operational uncertainties, ease 

resource allocation with multiple stakeholders and develop a decision-support tool that 

account for delay dynamics and behaviour. Future work will be focused on improving the 

accuracy and reliability of the model (more complete testing data and methodological 

improvements), and on comparing the results when the methodology is applied to other 

airports (generalise the case study). We also need to analyse potential response 

strategies/measures (reduce delays, mitigate inefficiencies and optimise operations), and 

apply the propagation model to other types of incidents (not just delays). 

8.3 Reliability analysis 

Our study develops a reliability analysis of the airport transit view process. In this 

analysis, we use a Multistate system approach, through a Markov-Chain model. Four main 

elements of the system are used to appraise its behaviour: delay, capacity, environment and 

complexity, with different partial variables. Performance thresholds and states were 

assigned according to operational targets, data distributions and expert knowledge. 

Moreover, the global system states were clustered to reflect similar operational 

characteristics. The model opens a window of opportunities to move from traditional 

corrective approaches (reactionary approaches) to a predictive perspective. It also 

considers the impact of stochasticity on performance prediction by assessing the system 

operational dynamics. 

The application of the model to a case of study of 160,460 turnaround operations 

(registered at 2016) is used to describe the system operational behaviour. Performance 

indicators allow us to characterise the system’s dynamics and obtain predictions of its most 

likely evolution. Results show that the airport system tends to a stationary distribution with 

the highest level of performance achievable, reaching an availability of 61.92%. Therefore, 

the system is repairable. Delays are major drivers for airport performance dynamics and 

reduce the ability of the system to recover itself. This reliability model represents a 

framework to test different ‘what-if’ scenarios and to reduce uncertainty by categorizing 

different behaviour patterns. Therefore, it allows us to predict how probable is for the 

system to enter a degraded state and highlights the system’s ability to maintain 

performance (or recover tolerable rates) under varying conditions. This approach marks an 

evolution from the traditional corrective view regarding reliability analysis (act when the 

system is degraded) to a predictive perspective (act when the system is providing signs of 
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malfunction, before it reaches degradation). The model allows both a comprehensive view 

of the airport system and a holistic and performance-based management of the day of 

operations, enabled by predictions for the future system states. 

Future work will focus on improving the accuracy of the model (more complete testing 

data and methodological enhancements – like weighting the parameters’ influence when 

defining block states), and on comparing the results when the methodology is applied to 

other airports (generalisation of the case study). We also need to analyse potential response 

strategies/measures (how specific actions impact the airport system state), highlight 

potential applications in tactical airport operations and consider other performance areas 

as safety and financial results. In this sense, we also plan to analyse the cost to repair 

incorrect states and to maintain an acceptable airport performance. 

8.4 Response optimisation 

Turnaround time allocation models usually consider static and fixed strategies. The 

optimisation methodology developed in this study improves the traditional view by 

considering a feedback control technique based on a reinforcement learning approach. 

Therefore, the model is capable to adapt the proposed policy to changes in the system. This 

is particularly important for airline scheduling problems: the stochastic characteristics of 

airline operations make them dependent on their strategy and procedures, but also on the 

operating environment (airport and air traffic regulations). Furthermore, the nature of the 

airline business model (more connecting traffic or more point-to-point traffic) and the 

schedule planning (the usage of “buffer” time) are key elements when managing on-ground 

operations, and the proposed method is capable to adapt the results to the airline sensitivity 

to external factors. Moreover, traditional turnaround management methods focus their 

analysis only on delay and “buffer” costs. Our model widens this approach to a system-level 

solution by also considering cost related to perturbations in schedule adherence, local and 

ATFCM delays and airport level of congestion. 

Results show that an accurate use of turnaround time allocation methods (through 

schedule “buffer” time) manages the punctuality performance of aircraft during turnaround 

operations by minimising system costs. The influence of arrival punctuality of inbound 

aircraft is found to be significant on the departure punctuality of aircraft. This is particularly 

important for Low Cost Carriers, as these airlines tend to schedule tighter turnaround. The 

level of congestion is also a key element when assessing an optimal turnaround policy. This 

is remarkable for Network Carriers, as they tend to operate during highly congested hub 

windows and have the risk of losing connectivity of the feeder traffic. Regarding the analysis 

of real turnaround policies, the appraised Low Cost Carrier tends to schedule 

“underprovided” turnaround times, while the Network Carrier plans turnaround times 

closer to the optimum ones. The scheduling of turnaround time is driven by the airline 

business model and should consider the individual punctuality performance of each route 
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and airline; i.e. different schedule “buffer” times should be applied depending of the 

particular characteristics of the route, the airline and the airport. 

The proposed method has two main applications: (a) from a planning point of view, it 

allows us to obtain optimal policies that react to the state variables (i.e., we provide a 

decision making rule and not only a static optimal value) and (b) from a post-analysis 

perspective, the methodology allows us to appraise past strategies, by comparing the real 

decisions to the optimal solutions proposed. 

Machine learning techniques, particularly reinforcement learning, has proven to be an 

excellent method to solve the turnaround time allocation problem. It may help airlines to 

reach schedule adherence, absorb inbound delay, ensure crew and passenger connectivity 

and improve operational predictability for departure times. 

Future work will be focused on improving the accuracy and reliability of the model (more 

complete testing data and methodological improvements), and on comparing the results 

when the methodology is applied to other airlines and airports (generalise the case study, 

particularly regarding the cost function and the functional form of the state variables). 

8.5 Concluding remarks 

The combination of air traffic growth and airport capacity limitations has resulted in 

significant congestion and delays throughout the air transport system, which impose large 

costs on airports, airlines, passengers and society. As we are facing limited opportunities 

for capacity expansion, the mitigation of air traffic congestion and the reduction of delay 

propagation require improvements in: (i) the understanding of the factors that influence 

airport performance; (ii) the management of uncertainty to deal with operational 

stochasticity; (iii) the utilisation of airport capacity to enhance operating efficiency at the 

tactical level (i.e., over each day of operations), and (iv) the allocation of airport capacity to 

the airlines to limit over-capacity scheduling at the strategic level (i.e., months in advance 

of the day of operations). This thesis develops an integrated approach to mitigate airport 

congestion and delay propagation in the airspace/airside integrated operations. This 

approach jointly appraises the causal relationships between variables involved in airport 

operations (improving predictability), evaluates operational dynamics and its performance 

(improving efficiency) and optimises policy responses for turnaround time allocation 

(improving the utilisation of airport capacity). 

Hence, this study addresses two main gaps in the literature: (i) at present, airport 

stakeholders lack models able to provide an integrated view of the Airport Transit View  

processes (airside and surrounding airspace) and analyse the trade-offs between the 

variables affecting performance; and (ii) current system-wide congestion problems are 

worsened due to airport operational inefficiencies; i.e., there is an opportunity to develop 

new conceptual tools to support airport management functions, including adaptive 

responses to varying conditions and uncertainty. In this sense, as the main contribution of 
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the study, we propose a novel approach for assessing and predicting the airport’s functional 

behaviour, as well as responding to it, given certain operational circumstances. 

First, we focused on characterising the aircraft flow through the airspace/airside 

integrated operations. We developed a functional map (based on a Business Process Model 

and the A-CDM milestones approach). This map allowed us to study the successive 

hierarchical tasks and describe the aircraft flow of processes, in order to understand 

uncertainty dynamics. We described and analysed interdependences between elements 

involved in the aircraft flow. Additionally, we proposed a taxonomy based on a graphical 

model to assess the system’s capacity to “receive and transmit” aircraft streams with 

adherence to the expected schedule. Apart from this graphical approach, the system’s 

operational behaviour (in terms of time saturation) was also analytically appraised through 

an algorithm that classifies the system’s state regarding delay management. Finally, by 

considering the accumulated delay across the different processes and its evolution, several 

indicators were proposed to evaluate the system’s level of saturation and its ability to 

ensure an appropriate aircraft flow in terms of time-efficiency. 

Second, we analysed the problem of uncertainty management by delivering a causal 

model, which allows us to deliver predictive analyses, and a reliability model. We created a 

probabilistic graphical model, using a Bayesian Network approach that manages 

uncertainty at the Airport Transit View stage. It predicts outbound delays given the 

probability of having different values at the causal control variables. Moreover, by setting a 

target to the output delay, the model provides the optimal configuration for the input nodes. 

Different lessons can be learned regarding uncertainty propagation, time saturation and 

system recovery (where to act). This predictive tool elicits the causal relationships 

(interdependencies) between the different variables that influence airport performance. 

Therefore, it allowed us to perform cross-impact and sensitivity analyses. The predictive 

and causal study was completed with a reliability assessment. The analysis of the airport 

operational reliability is fundamentally linked to the knowledge of the system’s behaviour 

and dynamics. Our research proposed a model for assessing airport performance at a 

tactical level (time scale), focusing on the airspace-airside turnaround operations (space 

scale) and considering different areas: delay, capacity, environmental impact and 

operational complexity. Airports are transportation systems that can complete their tasks 

with partial performance levels: failures of some system elements may lead to partial 

degradation of the system behaviour, which cannot be assessed with the traditional binary 

reliability view (working – not working). To consider this performance granularity, our 

model used a multistate approach. A Markov-chain based methodology allowed us to 

predict the system’s reliability evolution and move from reactionary measures to predictive 

interventions. It also considered the impact of stochasticity on performance prediction by 

assessing the system operational dynamics. 

Finally, the focus of this thesis shifted to the problem of response optimisation and the 

enhancement of airport capacity utilisation. We formulated an Adaptive Dynamic 

Programming model based on Reinforcement Learning techniques that optimises 
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turnaround time allocation to minimise different operational costs. The model integrates 

the stochasticity of airport operations into a dynamic decision-making framework. It can be 

used as an automated managing logic that allows the airport control system to develop and 

implement mitigation measures to reduce uncertainty (granting robust airport 

performance) at any time (better resource allocation against the foreseen delay 

propagation) 

The models were validated through different case studies at Madrid Airport, where 

160,460 turnaround operations (registered at 2016) were used to describe the system 

operational behaviour. Results suggest that main potential drivers for delay include time of 

the day, congestion at ASMA, weather conditions, amount of arrival delay, scheduled 

duration of processes, runway configuration, airline business model, handling agent, 

aircraft type, route origin/destination and existence of ATFCM regulations. Events with 

longer duration (arrival and turnaround processes) are the ones that contribute the most 

to departure delay, but also those where more possibilities for recovery exist. In this sense, 

our model also informed us about how sensitive the different processes are to changes in 

delay (delay elasticity of processes). Results showed that the airport system tends to a 

stationary distribution with the highest level of performance achievable. Therefore, the 

system is repairable. Delays are major drivers for airport performance dynamics and reduce 

the ability of the system to recover itself. We found that an accurate use of turnaround time 

allocation methods (through schedule “buffer” time) is able to manage the punctuality 

performance of aircraft during turnaround operations by minimising system costs. The 

influence of arrival punctuality of inbound aircraft is found to be significant on the 

departure punctuality of aircraft. This is particularly important for Low Cost Carriers, as 

these airlines tend to schedule tighter turnaround. The level of congestion is also a key 

element when assessing an optimal turnaround policy. This is remarkable for Network 

Carriers, as they tend to operate during highly congested hub windows and have the risk of 

losing connectivity of the feeder traffic. Low Cost Carrier tends to schedule “underprovided” 

turnaround times, while the Network Carrier plans turnaround times closer to the optimum 

ones. The scheduling of turnaround time is driven by the airline business model and should 

consider the individual punctuality performance of each route and airline; i.e. different 

schedule “buffer” times should be applied depending of the particular characteristics of the 

route, the airline and the airport. 

Expected direct benefits of the models developed in this study are better performance 

due to better predictability of airport dynamics and significant resilience benefits through 

better management of forecasted or unexpected operational shortfalls. It also supports the 

improvement of airspace/airside operations, situational awareness and collaborative 

decision-making processes through the integration and monitoring of aircraft flows 

throughout the Airport Transit View cycle. Moreover, we foresee that models in this study 

will allow us to detect unusual behaviour patterns in operations, improve efficiency of 

processes, and measure and predict performance indicators.  
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Annex A. Acronyms 

A-CDM Airport Collaborative Decision Making 

ACARS Aircraft Communications Addressing and Reporting System 

AD Average Delay 

ADD Average Daily Delay 

ADP Adaptive Dynamic Programming 

AGHT Actual Ground Handling Time 

AHD Average Hourly Delay 

ai Corrective actions 

AIBT Actual In-Block Time 

AIBT Actual In-Block Time 

ALDT Actual Landing Time 

AMAN Arrival Manager 

An Instantaneous Availability Indicator 

ANSP Air Navigation Service Provider 

AOBT Actual Off-Block Time 

ARDT Aircraft Ready Time 

ASAT Actual Start-Up Approval Time 

ASMA Arrival Sequencing and Metering Area 

ASRT Actual Start-Up Request Time 

ATC Air Traffic Control 

ATFCM Air Traffic Flow and Capacity Management 

ATM Air Traffic Management 

ATOT Actual Take-Off time 

ATT Actual Turnaround Time 

ATV Airport Transit View 

AUC Area Under Curve 

b Turnaround buffer 

BDeu Bayesian-Dirichlet equivalent uniform 

BHS Baggage Handling System 

BN Bayesian Network 

BPM Business Process Model 

BS Bayesian Search Algorithm 

C Cluster 

CI Compressibility Index 

CIi Congestion Index 

CL Congestion Level 
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CPD Conditional Probability Density 

CPT Conditional Probability Table 

CTA Controlled Time of Arrival 

CTOT Calculated Take-Off Time 

D Delay 

d1 Arrival delay (AIBT-SIBT) 

d2 Local delay 

d2 + d3 Turnaround delay 

d3 ATFCM delay 

d4 Departure delay (AOBT-SIBT) 

DAG Directed Acyclic Graph 

DAR Departures/Arrivals Ratio 

DCB Demand/Capacity Balance  

DD Departure Delay 

DII Delay Impact Index 

Dn Mean Instantaneous Deficiency Indicator  

DP Dynamic Programming 

E Euclidean distance 

E-AMAN Extended-Arrival Manager 

En Mean Instantaneous Performance Indicator 

EOBT Estimated Off-Block Time 

E-TMA Extended-Terminal Manoeuvring Area 

ETOT Estimated Take-Off Time 

FCM Fuzzy c-Means Algorithm 

Gi System’s state 

gij performance rate of element i in the state j 

(G, P) Components of a BN: graph and probabilities 

GTT Greedy Thick Thinning Algorithm 

H Hellinger distance 

HS Hopkins statistic 

H-M-L Heavy-Medium-Light Turbulence Wake 

IAF Initial Approach Fix 

ICAO International Civil Aviation Organisation 

K Delay evolution indicator 

ki Arrival Congestion Index 

KPA Key Performance Area 

KPI Key Performance Indicator 

LCC Low Cost Carrier 

LEMD Adolfo Suárez Madrid Barajas Airport 

MC Markov Chain 

MDP Markov Decision Process 

MMT Minimum Turnaround Time 

MSS Multistate System 

NB-WB Narrow Body-Wide Body (aircraft size) 

NC Network Carrier 

NM Nautical Mile 
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NO Number of Operations per hour 

PAL Process Actual Length 

pi (t) 
Probabilities associated with the different states of the system element i at 
any instant t  

PPL Process Planned Length 

R System Reliability Indicator 

Ri Performance Rate 

RL Reinforcement Learning 

ROC Receiver Operating Characteristic Curve 

RVR Runway Visual Range 

RWY Runway 

S Silhouette value 

SESAR Single European Sky ATM Research 

SIBT Scheduled In-Block Time 

SLDT Scheduled Landing Time 

SOBT Scheduled Off-Block Time 

STOT Scheduled Take-Off Time 

STT Scheduled Turnaround Time 

T MSS period of operation 

TAT Turnaround Time 

TDFT Target Departure Fix time 

TIAT Target Initial Approach Fix Time 

TIBT Target In-Block Time 

TLDT Target Landing Time 

TMA Terminal Manoeuvring Area 

TOBT Target Off-Block Time 

TSAT Target Start-Up Approval Time 

TTA Turnaround Time Allocation 

TTOT Target Take-Off Time 

TWY Taxiway 

ui Uncertainty sources 

UML Unified Modelling Language 

ut Optimal Turnaround Time Allocation 

UTC Coordinated Universal Time 

w Performance demand 

Ws Wind speed 

xt System state 

y External inputs 

α Hourly Delay Performance Indicator 

β Weight of each aircraft wake-turbulence category 

γ Influence coefficient of each hour 

η Daily Delay Performance Indicator 

θ Stage Contribution Index 

π Cost reward 

Υij Probability of transition between state i and j 
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“We shall not cease from exploration 

And the end of all our exploring  

Will be to arrive where we started  

And know the place for the first time.” 

 

From T. S. Eliot's Little Gidding. 

 

 

… LET’S GO EXPLORING! 
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