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START 
A STABLE AND RESILIENT ATM BY INTEGRATING ROBUST AIRLINE OPERATIONS 
INTO THE NETWORK 

This Deliverable is part of a project that has received funding from the SESAR Joint Undertaking under grant agreement No 
893204 under European Union’s Horizon 2020 research and innovation programme. 

 

Abstract  

This document is devoted to explaining the ATM macro model that will enable the integration of 
trajectory uncertainties (Section 3), which are to be quantified in WP2, and provide resiliency 
management, which will be involved in WP4's processes. The ATM macro model, which has been 
developed and being improved in WP3, will allow us to incorporate disruptive event (Section 4). In 
START, at the macro level, we consider only thunderstorms, as they are more frequent and observable 
than the other events that impact the airports. 

First, we introduce the modelling process of the air traffic network as a metapopulation delay and 
uncertainty propagation process. Then, the integration of the trajectory uncertainties and disruptive 
events to the model, is given. Finally, the dimensionality reduction process of the constructed airport-
based metamodel is explained. 
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Executive Summary 

START proposes a framework for obtaining robust airline operations that would lead to a stable and 
resilient Air Traffic Management (ATM) performance in any kind of disruptive scenario by means of a 
combination of methods from applied mathematics. Consequently, the focus will be on providing the 
capabilities required to update the planned flight trajectories according to the uncertainties 
introduced by the disturbances in the considered air traffic scenarios, which would be a key enabler 
for the implementation of the Trajectory Based Operations (TBO) concept. For this purpose, 
introducing the capability of identifying potential disturbances in the system and optimizing the air 
traffic operations to adapt to their associated uncertainty at different operational levels, was 
considered an essential feature of the framework.  

This D3.1, is the first deliverable of WP3, presents an ATM Network macro model integrating trajectory 
uncertainties quantified in WP2 and enable resiliency management strategy to be developed under 
WP4. Moreover, this macro-model allows us to simulate and assess the impact of disruptive events 
such as thunderstorms, which will be the only event to be considered in the START project as they are 
more frequent and observable than the other. The developed macro-model utilizes a meta-model 
inspired by the epidemic spreading process and integrates deep learning methodologies for model-
parametric estimations. 

In Section 2, first, we explain the theory behind the ATM macro model, which is based on the 
information diffusion models over large networks. The compartment model, representing the states 
of the individuals, namely flights, enables us to model the delay and uncertainty propagation. Then the 
model is improved through meta synchronization to involve the network's nodes, namely airports. This 
improvement allows us to integrate the airport's behavioural dynamics as they differentiate based on 
operations; in other words, how they are operating under different conditions. These meta-models 
can easily catch this dynamic, unique to each, through a single "recovery" function, despite their 
inherent nonlinearities and complexities. Finally, as the scientific contribution of WP3, we further 
improve the discrete compartment state with continuous spaces, such that the individuals not only 
carry the information of being delayed but also how much they are. And the "recovery" functions of 
the airports are then obtained through a deep learning model trained with the historical data, based 
on demand, capacity, accumulated arrival uncertainties, and delays. 

Section 3, describes the connection of the model with the flight trajectory uncertainties, represented 
explicitly by probabilistic distributions as a function of flight time. The model uses arrival delay and 
uncertainty to excite the network and analyse the impact over the network. Finally, Section 4 provides 
how to integrate a prediction of a thunderstorm induced over an airport. As with any disruptive event, 
thunderstorms provoke the airports' service capacities, which are tightly coupled with the airports' 
recovery function for the macro model.   

As the macro model is a Lagrangian model, running with the individual flights and the airports as 
generative/absorber sources, it is quite a huge model though the approximate functions are involved. 
Therefore, we have proposed a dimension reduction strategy in Section 5, enabling us to gather the 
minor airports as an aggregated airport since they fully absorb the delays and uncertainties due to 
relatively low demand, namely runs with full recovers. We have identified that the 2100 European 
airports can be represented with the 115 major and a single aggregated-airport, enabling reduction to 
5.5% of the dimension. 
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1 Introduction 

1.1 START Project Goals 

The development, implementation and validation of optimization algorithms for robust airline 
operations that result in stable and resilient ATM performance even in disturbed scenarios is the 
overall goal of START. To reach this goal, START will combine various methods form applied 
mathematics, i.e.: mathematical optimization, optimization under uncertainty, Artificial Intelligence 
(AI) and data science, as well as algorithm design. Furthermore, insight into the uncertainties relevant 
in TBO systems will be gained through simulations. According to START’s PMP [1], the main focus of 
the project is the optimization of conventional traffic situations while considering disruptive weather 
events such as thunderstorms. 

The main uncertainty sources considered in this project can be classified as: 

1. Uncertainties at the micro-level or trajectory level, e.g., due to inaccurate wind forecasts, aircraft 
performance models, aircraft weight estimation, aircraft intent, and take-off times. 

2. Uncertainties at the macro-level or ATM network level, e.g., due to disruptive events in the network 
such as thunderstorms, due to congested airspaces or airports, and due to the propagation of micro-
level (trajectory level) delays over the network. 

Within the main goal stated above, the following specific goals arise: 

1. To model uncertainties at the micro (trajectory) level, assimilate observations (via ADSB/Radar) 
every 15 min. using advanced data science methods, and propagate trajectory uncertainties using 
assimilated models and a stochastic trajectory predictor. 

2. To model uncertainties at the macro (ATM network) level, assimilate observations (satellite data for 

storm, and network status) every 15 min. using advanced data science methods and propagate ATM 
network uncertainties using the assimilated models. 

3. To develop an Artificial Intelligence (AI) algorithm capable of generating a set of pan-European (i.e., 
considering the whole traffic over Europe) robust trajectories that make the European ATM system 
resilient when facing these relevant uncertainties. 

4. To implement those algorithms as an advanced fight dispatching demo functionality for airspace 
users to obtain robust trajectories. 

5. To validate these concepts through system-wide simulation procedures in order to evaluate their 
stability, assessing the benefits for both the airspace users and the network manager. 
Recommendations for the derivation of resilient TBO networks will be derived. 

The overall concept underpinning the project is sketched in Figure 1. In this structure, one can identify 
five blocks (each of them corresponding to the five specific goals of the project), namely: Micro-Level 
(trajectories); Macro-level (ATM Network); Artificial Intelligence Metaheuristic Algorithm; Flight 
dispatching tool; Fast-Time Simulations. 
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Figure 1: START overall concept figure 

1.2 START Work Plan 

According to START’s PMP [1], the project is divided into seven work packages (WPs), as sketched in 
Figure 2, which describes the different tasks to be performed in START. The objectives of each WP are 
the following: 

• WP1 Project management 

The goal is to effectively fulfil all the administrative, contractual, financial and technical aspects of the 
coordination of the project. 

• WP2 Trajectory level: Uncertainty modelling, data assimilation and uncertainty propagation 

The goal is to develop uncertainty propagation models at trajectory level; identify and characterize 
potential sources of trajectory level uncertainty following a data-driven approach; build and develop 
methods for the cyclic ingestion of data inputs that will feed the uncertainty propagation models at 
the trajectory level. 

• WP3 ATM Network level: network modelling, uncertainty propagation with disruptive events 

The goal is to develop an approximate ATM network model from the historical data enabling to 
simulate and analyze uncertainty and delay propagation; integrate individual trajectory uncertainties 
into the network model; provide models for disruptive events and integrate them into the network-
wide model; validate the model, procedures and provide a simulation environment/tool for use case 
analyses. 

• WP4 Network-wide Robust Trajectory Planning and Resiliency Management based on 
Simulating Annealing 
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The goal is to formulate a concept of operations implementing Trajectory Based Operations allowing 
for the appropriate management of uncertainty; formulate the network resiliency and develop 
network resiliency management procedures in case of disruptive events; develop optimization 
algorithms for the determination of efficient strategic interventions that increase the predictability 
and resiliency of ATM operations; validate the proposed methods through use case simulation and 
analysis 

• WP5 Flight dispatching prototype tool 

The goal is to validate the concept in a simulated dispatch environment of one or more airline 
operators, utilizing the FLIGHTKEYS5D flight management system 

• WP6 Simulation and Validation 

The goal is to validate the concept in a simulated dispatch environment of one or more airline 
operators, utilizing the FLIGHTKEYS5D flight management system 

• WP7 Dissemination, exploitation and communication 

The goal is to coordinate all START dissemination, exploitation, and communication activities while 
ensuring that the different targets have been reached. 

 

Figure 2: Work plan breakdown 
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1.3 Scope of the Deliverable 

In this deliverable, we present an ATM Network macro model integrating trajectory uncertainties 
quantified in WP2 and enable resiliency management strategy to be developed under WP4. Moreover, 
this macro-model allows us to simulate and assess the impact of disruptive events such as 
thunderstorms, which will be the only event to be considered in the START project as they are more 
frequent and observable than the other. The developed macro-model utilizes a meta-model inspired 
by the epidemic spreading process and integrates deep learning methodologies for model-parametric 
estimations. Specifically, the macro-model correlates the traffic densities between the airports with 
the infection rates; and the capability to absorb the uncertainties with recovery rates, which might be 
seen as a performance metric of an airport in certain states. Uncertainties over individual flight 
trajectories, which are the functions of flight times, are modelled through probabilistic distributions 
where superpose on the arrival times. In the meta-model, these uncertainty distributions modify the 
probability of causing a reactionary delay at that airport. The uncertainty model usually presents 
similar dynamical behavior with delay propagation; however, uncertainty propagation models typically 
exhibit more nonlinear and stochastic characteristics. For this reason, deep learning models are utilized 
to capture these nonlinearities, primarily to associate the recovery rates between the incoming 
uncertainties and the attributes of the disruptive events. 

1.3.1 Literature Review 

The aviation industry is growing rapidly and its role became indispensable in daily life. Number of 
commercial flights as of 2019 is expected to be almost doubled from 26 million to 48.7 million by 2030. 
On the other hand, 13.5 trillion passenger-kilometers are planned to be flown by 2030, which is almost 
three times bigger than what is flown currently by airlines [2]. In addition, the International Air 
Transport Association (IATA) expects airlines to carry 8.2 billion passengers in 2037 doubling the 
passenger numbers projected in 2018 [3] and more than 4% average annual traffic growth over the 
next 20 years is foreseen by aircraft producers [4], which means that the in-service fleet and number 
of flying aircraft is also expected to double. However, capacity of the airspaces has a fixed condition 
and the number of airports to be built does not seem to be sufficient to accommodate such an 
increment in demand for near future. Thus, for increasing the efficiency of the Air Traffic Management 
(ATM) System to deal with the changing demands and their challenges, it must go under an operational 
transformation. 

Advanced concepts that are being developed under Single European Sky ATM Research (SESAR), are 
leading to a global paradigm shift from air traffic control to efficient air traffic management which 
requires redesigning the operational performance criteria of ATM system components. In addition to 
designing the new operational models of the components, redesigning of the interactions between 
them will also be significant for the tactical decision making during deciding which elements of the 
system should be controlled and/or intervened. For example, deciding on what should be the required 
capacity reduction at which airports under which conditions to effectively allocate the remaining 
capacity and direct flights without interrupting the entire traffic flow is a quite challenging problem 
under high traffic demand. Decision support systems should be able to provide the required amount 
of information to the human operators by considering the progressively increasing complexity in the 
airspace dynamics and workloads of the operators, to maintain the operational efficiency at a 
reasonable level even under stressful conditions. 
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In several kinds of research, queuing network models are considered to model the air transport 
network system. They represent a proper perspective to analyze the impact of delay propagations over 
the network and response of the network to the local disturbances. Firstly, two different National 
Airspace System (NAS) simulation models have been developed by MITRE Corporation to simulate the 
delay propagation over the network that consists of nationwide airports and airspaces in the United 
States. The first NAS simulation model is named as National Airspace System Performance Analysis 
Capability (NASPAC) [5]. The second model, the Detailed Policy Assessment Tool (DPAT), which is the 
successor of the NASPAC [6], deals with the capacity reductions on airports that may occur with 
disruptive external events and effects on the network of those delays when they are propagated over 
the system. However, DPAT does not use the information regarding the aircraft itineraries, which may 
cause unreliable predictions to be obtained. There are also agent-based simulation models for the 
delay propagation such as The Future ATM Concepts Evaluation Tool (FACET) [7]. LMINET [8] and 
LMINET2 [9], which are queuing network models which are using 𝑀(𝑡) 𝐸𝑘(𝑡)⁄ / 1 queues to model 
airports in the network. LMINET does not utilize aircraft itineraries while LMINET2 uses this 
information, which improves predictions of the simulation model. The Approximate Network Delays 
(AND) model is another popular model [10] that has similarities with LMINET2 in terms of the modeling 
approach; however, the calculating strategies of the local queuing delays are different. Following a 
similar path, in our previous work, we benefit from queuing networks to model and analyze the delay 
characteristics of the European air traffic [11], and develop ground-holding policies [12]. Then, we have 
further extended these studies to approximate the delay propagation dynamics of the air 
transportation network through the epidemic process model [13].  

Epidemic models were mostly used to understand the dynamics of disease spreading in a network. 
Infection propagations between living beings were formulated by the mobility of individuals. Then the 
several compartment models were employed to approximate the dynamics of propagation. From a 
network dynamics point of view, epidemic spreading and the delay propagation methodologically very 
much resembles each other; local disruptive events at airports and airspaces causing retard the 
individual flights, and these flights spread this effect to the other airspaces and airports at specific 
rates. These rates are the function of certain parameters (traffic flow, flight time, etc.) subject to the 
interaction between the components of the network. Furthermore, control policies in the epidemic 
spreading such as vaccination have similarities with demand and capacity balancing in air 
transportation. These are applied through certain operational activities such as ground holdings, flight 
cancellations, cruise speed decreasing/increasing. On the basis of this similarity, one can approximate 
the delay propagation in air transport with different types of epidemic spreading process models. 

In the epidemic model literature, Bernoulli is the first person that introduced the basic state model 
[14] in the 18th century. In 1927, W. O. Kermack and A. G. McKendrick created the SIR model [15]. 
Compartments in this model are Susceptible (𝑆), Infected (𝐼) and Recovered (or Immune) (𝑅). This 
was a good and simple model for many infectious diseases, including measles, mumps, and rubella. 
Another model was the 𝑆𝐼𝑆 model [16], [17] that can be derived from the 𝑆𝐼𝑅 model under the 
assumption that the individuals do not have immunity for the considered disease. These two models 
were also represented with vital dynamics [18] that have death and birth situations. Furthermore, the 
network theory [19] was applied to these models to simulate the situations when infection and 
recovery rates are heterogeneous. Moreover, the metapopulation approach [20] was represented to 
model lumps of individuals as subpopulations. In several studies, [21], [22], the disease spreading in 
complex networks was investigated. Node-based epidemic spreading models that depend on the 
spreader activity in networks are investigated [23]. There are also studies that uses deep learning 
techniques to model the information spreading in heterogenous networks [24]. 
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2 Modeling of ATM Network 

In this section, the theoretical background of the large-scale networks modeling, which is used in 
START Project, is explained, enabling to simulate and analyze delay and uncertainty propagation in the 
air transport network. First, one of the basic population models, the Susceptible-Infected-Susceptible 
(SIS) model, is discussed; then the model is enhanced by forming a metapopulation model, which will 
be used to build the airport-based ATM network model. Such models involving compartments have 
some discrepancies due to binary features such as being infected or not, then we further improve the 
model through continuous features and parameter estimation with deep learning. 

2.1 Information Propagations Network Models 

Information propagation models over the large-scale networks mostly utilize epidemic processes, 
enable to model diffusion of information, which is similar to epidemic spreading. In the START project, 
we have chosen to follow a similar fashion, where the ATM Delay/Uncertainty Propagation model is 
based on the theory behind the epidemic/information spreading, but tailors and improves it by 
considering complexities of the ATM networks. 

2.1.1 SIS Compartment Model for Individuals 

In the SIS compartment model approach, all the possible interactions between individuals within the 
considered population are modeled by using population models. Depending on their epidemiological 
conditions, each individual is defined as a state that is called compartments. One of the simplest 
epidemic models consists of two compartments which are Susceptible (𝑆) and Infected (𝐼). The model 
that is constructed using those states, is named as the Susceptible-Infected-Susceptible (𝑆𝐼𝑆) 
population model where the Susceptible state stands for the individuals that are healthy and not 
affected (yet) but have a possibility to be infected and the Infected state represents the individuals 
that are affected by the spreading but able to be recovered. In the 𝑆𝐼𝑆 model full recovery is not 
possible thus the recovered individuals turn back into the 𝑆 state and they are open to get infected 
again into the state 𝐼. Transitions between the states within the model are ensured through specific 
rates such as recovery rates (𝛿) and infection rates (𝛽). Both the meaning and the use case of those 
rates can vary depending on the epidemic model that is used. Basically, in the 𝑆𝐼𝑆 model, individuals 
that take place in the 𝑆 compartment become infected with 𝛽 and an individual that is in 𝐼 state 
recovers and turns into 𝑆 with 𝛿. Mentioned transitions within the SIS model are as given in the Figure 
3. Some of the other complex epidemic models in the literature are derived from the SIS model by 
adding new states with different transition dynamics, into the model such as 𝑅 for recovered, 𝑄 for 
quarantined, 𝐸 for exposed, 𝑀 for maternally-derived immunity, 𝐶 for carrier etc. Simply, it can be 
said that some of those models are constructed by using the 𝑆𝐼𝑆 model as a base model.  The other 
base model is Susceptible-Infected-Recovered (𝑆𝐼𝑅) model, where the vaccined individuals turn into 
𝑅 state permanently instead of changing into 𝑆 compartment as in the 𝑆𝐼𝑆 model.  The reason is that, 
reaching to 𝑅 compartment means becoming immune to be infected again. Thus, individuals cannot 
change from 𝑅 compartment to 𝐼 or 𝑆 compartment in 𝑆𝐼𝑅 model. Additionally, some of the 
mentioned complex models that are studied can be named as   Susceptible-Exposed-Infected-
Susceptible (𝑆𝐸𝐼𝑆), Susceptible-Exposed-Infected-Recovered (𝑆𝐸𝐼𝑅), and Maternally Immune-
Susceptible-Exposed-Infected-Recovered (𝑀𝑆𝐸𝐼𝑅) [25], [26].  
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Figure 3: Epidemic process representation of the SIS model 

Epidemic models are mostly considered for disease spreading in a network, but they can be used to 
model the dynamics of different systems such that the delay propagation over an air transportation 
network. In other saying, the infection spreading in epidemic modeling and the delay propagation are 
similar in terms of the methodology. In the epidemic spreading model, some types of diseases such as 
flu, HIV/AIDS, Ebola, influenza, etc. are propagated over the population by the mobility of individuals. 
The delay spreading between airports in an air transportation network has similar dynamics in terms 
of epidemic spreading. A local disturbance that has occurred in an airport may cause delays in that 
specific airport, which can be named as infection. That generated delay is carried by flights within the 
air traffic network to spread the delay/infection. Furthermore, control strategies in the epidemic 
spreading such as vaccination, resemble with protection strategies in the air transportation to prevent 
the delay propagation such as ground holdings, flight cancellations, cruise speed increasing etc. 
Because of those similarities, dynamical models that are used to simulate the epidemic spreading 
process can be used to simulate the delay spreading in an air traffic network and the control theory in 
an epidemic spreading model can be applied to the air transportation. In addition to that, when the 
delay and its propagation problem is taken into consideration in the air transport network, since the 
full recovery is not possible, the 𝑆𝐼𝑆 is selected as the most suitable way to model the air traffic 
network. 

For the mathematical model of the epidemic spreading, the evaluation of the states can be modeled 
as a Markov process. If the population that we are dealing with is considered as a well-mixed 
population (each individual can affect everyone and can be affected by everyone within the 
population), the infection and recovery rates hold for everyone and can be used for the dynamics of 
each individual. Based on that information, the following differential equations can be given for 
modeling the dynamics of the 𝑆𝐼𝑆 model: 

�̇�𝑖𝑛𝑓(𝑡) = 𝛽 𝑝𝑖𝑛𝑓(𝑡) 𝑝𝑠𝑢𝑠(𝑡) − 𝛿 𝑝𝑖𝑛𝑓(𝑡) 

�̇�𝑠𝑢𝑠(𝑡) = −𝛽 𝑝𝑖𝑛𝑓(𝑡) 𝑝𝑠𝑢𝑠(𝑡) + 𝛿 𝑝𝑖𝑛𝑓(𝑡) 

where 𝑝𝑖𝑛𝑓 and 𝑝𝑠𝑢𝑠 refers to probability of being infected and probability of being susceptible, 

respectively. If we assume 𝑁 ∈ ℝ be the total number of individuals within the considered population 
and 𝑁𝑖𝑛𝑓 , 𝑁𝑠𝑢𝑠 ⊆ 𝑁 number of people who are infected and susceptible; 𝑝𝑖𝑛𝑓 and 𝑝𝑠𝑢𝑠 can be 

represented as  𝑝𝑖𝑛𝑓 = 𝑁𝑖𝑛𝑓(𝑡) 𝑁⁄  and 𝑝𝑠𝑢𝑠 = 𝑁𝑠𝑢𝑠(𝑡) 𝑁⁄ = (𝑁 − 𝑁𝑖𝑛𝑓(𝑡)) 𝑁⁄ . It is also known that 

the equality 𝑝𝑠𝑢𝑠(𝑡) = 1 − 𝑝𝑖𝑛𝑓(𝑡) holds. Therefore, the dynamics of the system can be rewritten as 

follows: 
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�̇�𝑖𝑛𝑓(𝑡) = 𝛽 𝑝𝑖𝑛𝑓(𝑡) (1 − 𝑝𝑖𝑛𝑓(𝑡)) − 𝛿 𝑝𝑖𝑛𝑓(𝑡) 

This deterministic equation is derived by assuming that the equation can be solved analytically and 𝑁 
is a number of individuals that is large enough to show the complete dynamics of the population. But, 
if the population is not large enough, behaviors of the individuals may differ depending on how large 
the population (𝑁) is. 

Unfortunately, mentioned population models such as 𝑆𝐼𝑆 model, include many simplifications which 
may create limitations to build a comprehensive model to understand the full dynamics and the 
behavior of the system. For instance, by homogeneous infection rates and recovery rates, it is accepted 
that an individual within the population effects on others and is affected by others equally. Moreover, 
classifying the entire population into a few numbers of states might cause to miss the real behavior of 
a system. The more realistic approach would be a model that takes into account each individual in the 
population with separate state and allows arbitrary interactions between those individuals [19], [20]. 
Since the network-based models consider all the states of all individuals within the population 
separately and allow separate interactions among them, therefore, the network-based approaches are 
considered to capture the mentioned details. 

For the network model, continuous-time Markov process as a directed graph with state transitions can 
be considered. Let a weighted, directed graph be defined as 𝐺 = (𝑉, 𝐸, 𝑊), where 𝑉 = {𝑣1, … , 𝑣𝑛} 
represents the individuals within the population which refer to set of nodes on graph 𝐺, 𝐸 ⊆ 𝑉 𝑥 𝑉 
depicts the set of directed edges that shows connectivity between the nodes, and 𝑊 ∶  𝐸 → 𝑅 is a 
function that assigns weights (which can be represented with infection rates in an epidemic model) to 
the edges in 𝐸. Assume that the node 𝑗 affects the node 𝑖, then the 𝛽𝑖𝑗 > 0. If the node 𝑖 and node 𝑗 

is not connected, then the 𝛽𝑖𝑗 = 0. Additionally, every node 𝑖 has a recovery rate 𝛿𝑖. The following 

differential equation can be considered for the network model of the 𝑆𝐼𝑆 model: 

�̇�𝑖(𝑡) = −𝛿𝑖 𝑝𝑖(𝑡) + ∑ 𝛽𝑖𝑗  𝑝𝑗(𝑡)

𝑁

𝑗=1

(1 − 𝑝𝑖(𝑡)) 

where the probability of being infected of the node 𝑖 is given as 𝑝𝑖(𝑡) ∈ [0, 1] at any time 𝑡. 

2.1.2 Metapopulation Model 

In a network system, individuals (𝑁) can be modeled as sub-populations (𝑀) under specific 
assumptions for the simplicity. In other words, instead of working on each individual within the 
population, sub-populations can be built such that 𝑀 <  𝑁, to understand and estimate the 
considered system dynamics in a simpler manner. However, each sub-population 𝑖 ∈ {1, … , 𝑀} in 
metapopulation modeling is assumed to be well mixed in itself and its recovery rate is homogeneous 
and constant. Also, the same differential equation can be used to model the spreading within the 
metapopulation network. Therefore, 𝑝𝑖(𝑡) ∈ [0, 1] represents the probabiliity of being infected of the 
subpopulation 𝑖, 𝛿𝑖 depicts the recovery rate for the subpopulation 𝑖, and the connection between the 
subpopulation 𝑖 and 𝑗 is given as 𝛽𝑖𝑗  which shows how the node 𝑗 affects the node 𝑖.  

Thus, the air transportation network is modeled as a weighted directed graph by using the SIS model 
dynamics. Airports within the air transport network are considered as nodes of the graph and the 
edges of the graph represent connections between airports. Each edge is weighted via infection rates 
which is unique to show the connectivity of two airports by considering the flights between them. Also, 
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there are recovery rates for airports which can be relatable with the capacity usage at airports and has 
an impact on the delay spreading to die-out. The simple representation of the airport-based 
metapopulation epidemic process model is as given in the Figure 4. 

 

Figure 4: Airport-based metapopulation epidemic process model 

 

2.2 Developing Metamodel with Continuous Compartments 

Air transportation system has a stochastic nature since it includes various uncertainties and multiple 
decision makers that have direct influence over the flight operations. As previously mentioned, delay 
propagation within the air traffic network shows similar behavior with epidemic spreading process. 
Therefore, air transport network can be modeled as a directed graph by considering airports which are 
subpopulations of the air traffic network, as nodes and flights as edges. We will be able to observe the 
collective behavior of the airports and their interactions by the airport-based metapopulation model. 

In order to find parameters of the delay spreading process of the air traffic metamodel, historical flight-
track data of the European air traffic network is used. Additionally, analysis is performed for certain 
days that involve certain disturbances. Parameters such as infection rates, probability of being 
infected, recovery rates that will be used in modeling of the epidemic spreading process of the air 
transport system, are obtained as explained in the following sections. 
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Figure 5: Metamodel representation of the flow between two airports 

2.2.1 Evaluating Infection Rates 

Infection rates within the air traffic network is determined by considering the flow rates between 
airports. 𝛽𝑖𝑗  represents the infection rate from airport 𝑗 to airport 𝑖. Thus, if there is not any scheduled 

flight between airport 𝑖 and airport 𝑗 in other words if the nodes 𝑖 and 𝑗 are not connected, then the 
infection rate  𝛽𝑖𝑗 = 0. It also can be said that 𝛽𝑖𝑖 = 0 since airports do not have flights to themselves. 

To find the normalized directed flow rates between airports for the considered time interval, inflows 
from different airports are considered. For example, assume we have 5 airports, airport A, B, C, D, and 
E, in our network to consider and airport A has 1, 2, 3, 4 inflow flights from each remaining airport, 
respectively. For this case, the infection rates can be found as normalizing the inflow from each airport 
by total inflow flights. Thus, 𝛽𝐴𝐵 = 0.1, 𝛽𝐴𝐶 = 0.2, 𝛽𝐴𝐷 = 0.3, and 𝛽𝐴𝐸 = 0.4. The average infection 
rates between the top 10 busiest airports in European air transport network for January 2018 are as 
given in Figure 6.  
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Figure 6: Infection rates between the top 10 busiest airports (for January 2018) 

For generating the infection rates, flight plan data for all the flights within the European air traffic 
network is used. Specific time interval is selected as one hour. In other saying, inflow flights to airports 
are observed and normalized for an hour to obtain the infection rates. 

2.2.2 Evaluating Probability of Being Infected 

In our model, probability of being infected refers to the fraction of the average delay which is observed 
at the airport for the selected specific time interval (1-hour) that is normalized by the 60-minute delay 
time which is the maximum value that can be observed for an hour time interval. By obtaining the 
probability of being infected in that manner, we will be able to capture the state continuity for airports. 
For example, even if there is a small delay at an airport, that may cause different impacts that may 
require different actions for other airports. We will be able to observe such cases with using delay 
times to calculate the fractions. In that way, it can be said that every epidemiological state involves 
the infection phenomena either the individual is in susceptible or infected compartment. The 
probability of being infected is calculated as follows: 

𝑝𝑖(𝑡) = {

𝑑𝑡𝑤
̅̅ ̅̅ ̅

𝑑𝑡𝑤(𝑚𝑎𝑥)
⁄ ,   𝑑𝑡𝑤

̅̅ ̅̅ ̅ < 𝑑𝑡𝑤(𝑚𝑎𝑥)

                        1,   𝑑𝑡𝑤
̅̅ ̅̅ ̅ ≥ 𝑑𝑡𝑤(𝑚𝑎𝑥)

 

where 𝑑𝑡𝑤
̅̅ ̅̅ ̅ is the average delay observed within the specific time window (1-hour for our case) and  

𝑑𝑡𝑤(max) is the maximum delay accepted that can be observed, which is 60 minutes, within the 

selected time window. 
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2.2.3 Assessing the Simulation Time Windows 

Simulation time is an important parameter for our air traffic network model since the dynamics of the 
interaction between the airports have to be fully captured. In other words, simulation time is 
significant to find the infection rate transitions for solving the differential equation, properly.  For that 
purpose, flight durations within the European air transport system is analyzed by using flight-track 
data.  According to the analysis, the average flight duration within the European air traffic network is 
132 minutes for January 2018. Additionally, 62 percent of the flight durations are within the 2-hour 
period and 77 percent of the flights are under 3-hour period. Analysis is as shown in the Figure 7. 
Therefore, 2 hours of time intervals are selected as delay spreading periods in order to observe 
complete state transitions and to comprehend the system dynamics perfectly. From the network 
modeling perspective, 𝑝(𝑡 + 1) refers to the probability of sub-populations after 2 hours from time 𝑡. 
To estimate 𝑝(𝑡 + 1) probability, differential equation for the epidemic spreading process is solved by 
using the updated infection rates which are the rates after 2-hour period. 

  

Figure 7: Flight duration analysis for the flights in Europe (for January 2018) 

 

 

2.2.4 Evaluating Recovery Rates 

Recovery rates for the air traffic network refer to the capacity usage of the airports that provides 
recovery from a delay for the airport itself and has an impact on the delay spreading within the system. 
Figure 8 shows the recovery rates that are calculated for a time interval (13:30-16:30) using our airport-
based epidemic model for June 2, 2015. For that time interval, there are three airports that have lower 
recovery rates which are Istanbul Sabiha Gokcen Airport (LTFJ), Lyon-Saint Exupéry Airport (LFLL), and 
Bilbao Airport (LEBB), compared to other airports within the network. We have analyzed those airports 
to observe if there is a correlation between delay trends and recovery rates. 
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Figure 8: Recovery rates obtained via airport-based metamodel (for June 2, 2015 - 13:30-16:30) 

 

Figure 9 depicts both the departure and arrival delay profiles of the airports which are LTFJ, LFLL, and 
LEBB, respectively. For the selected time interval increase in delay profiles is observed for the selected 
airports. Therefore, we can say that if the recovery rate is low for an airport, it leads to an increase in 
its delay profiles. 
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Figure 9: Delay profiles of the airports with low recovery rates (for June 2, 2015) 

 

Recovery rates for airports are obtained by using the historical flight data. To find those rates, after 
obtaining the infection rates and probabilities of being infected both at time 𝑡 and 𝑡 + 1, differential 
equation for the 𝑆𝐼𝑆 model is solved deterministically as given below: 

 

𝛿𝑖 = (−(𝑝𝑖(𝑡 + 1) − 𝑝𝑖(𝑡)) + ∑ 𝛽𝑖𝑗  𝑝𝑗(𝑡) (1 − 𝑝𝑖(𝑡))

𝑁

𝑗=1

)
1

𝑝𝑖(𝑡)
  

 

After the recovery rates are found, our purpose is to show if the constructed model works properly 
with obtained parameters for the delay spreading process in a specific time interval with similar 
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disruptive events such as severe weather conditions, thunderstorms, etc. The following algorithm is 
introduced to simulate another time interval under similar conditions. 

 

𝐀𝐥𝐠𝐨𝐫𝐢𝐭𝐡𝐦 𝐈: 𝐟𝐨𝐫 𝐄𝐩𝐢𝐝𝐞𝐦𝐢𝐜 𝐒𝐩𝐫𝐞𝐚𝐝𝐢𝐧𝐠 𝐌𝐨𝐝𝐞𝐥  
𝐈𝐧𝐩𝐮𝐭: Flight Plan Information of All Flights,Recovery Rates 
𝐎𝐮𝐭𝐩𝐮𝐭: Infection Rates (for that interval), Probability of being Infected at t + 1  

𝟏   𝐂𝐚𝐥𝐜𝐮𝐥𝐚𝐭𝐞 infection rates using flight plan data 
𝟐   𝐅𝐨𝐫 each airport 
𝟑       𝐂𝐚𝐥𝐜𝐮𝐥𝐚𝐭𝐞 𝑝𝑖(𝑡) via 𝑝𝑖(𝑡) = (𝑑𝑡𝑤

̅̅ ̅̅ ̅ ) /𝑑𝑡𝑤(𝑚𝑎𝑥) 

4   For each airport 

5       Calculate 𝑝𝑖(𝑡 + 1) via �̇�𝑖(𝑡) = −𝛿𝑖 𝑝𝑖(𝑡) + ∑ 𝛽𝑖𝑗  𝑝𝑗(𝑡)𝑁
𝑗=1 (1 − 𝑝𝑖(𝑡)) 

2.2.4.1 Deep Learning based Recovery Rate Estimation 

Since the recovery rates are obtained through flown data, found recovery rates have to be used in days 
under similar conditions. Those recovery rates are only valid for the airports with similar delay profiles 
due to similar events. Our purpose is to find recovery sets that are not dependent on historical flight 
data. To overcome this bottleneck, the idea of using deep neural networks for estimation of the 
recovery rates is introduced in this section.  

As mentioned before, recovery rates are correlated with capacities of the airports and conditions at 
the airports. Therefore, a deep neural network (DNN) for estimating the recovery rates can be used. 
The inputs for this neural network such as capacity of the airport, demand at the airport, total delays 
and uncertainty of those delays that is observed, disruptive event information that causes a regulation 
at the airport, etc. are considered. Figure 10 depicts the basic model representation for recovery rate 
estimation with considered inputs and outputs.  ∑ 𝑑𝑖 , ∑ 𝜎𝑖 , 𝐶𝑖 , 𝐷𝑖 , 𝐸𝑖  represent the total delay, 
uncertainty, capacity, demand, and disruptive event information at airport 𝑖, respectively. At the 
output side, recovery rates and deviation of the uncertainty that is caused by uncertainties at airport 
𝑖 are shown by 𝛿𝑖 and 𝛿𝑖,𝜎.  

 

Figure 10: DNN representation of the considered model for estimation of recovery rates 
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After obtaining the recovery rates via deterministically solving the differential equation for the 𝑆𝐼𝑆 
model as explained previously, found recovery rates will be used with the mentioned inputs to train 
the model. In that manner, those recovery rate sets can be used in any time interval that will be 
focused on, by giving the required inputs to the built neural network model for recovery rate 
prediction.  
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3 Probabilistic Trajectory Uncertainty 
Integration 

In the START project, the macro model of ATM is based upon individual trajectories, which carry time-
based features and uncertainties. The aim is to analyze and understand the impact of these 
uncertainties and manage them by optimizing the control parameters and matching them with the 
best policy. Therefore, each individual trajectory comes with the time shift and stochasticity on it as 
an input to the network model. These uncertainties cause deviations in the arrival and departure times, 
which lead to delay deviations at the airports, consequently impact the entire network nodes at 
different rates.  

The trajectory uncertainty description, which is being defined with details in WP2, is typically seen as 
time distributions over arrivals and a function of flight time. As time-dependent functions, these 
distributions mostly show Gaussian or Erlang behavior, enabling to approximate any distribution with 
their multivariate versions. Subject to the slot deployment, these distributions can be taken as 
continuous or discrete as well. 

𝜏𝑜𝑎 = 𝜏𝜙 + 𝜏Χ where 𝜏Χ ~ 𝐸𝑟𝑙𝑎𝑛𝑔(𝑘, 𝜆) or 𝜏Χ~ ϰ(𝜇, 𝜎) 

3.1 Trajectory-level uncertainty propagation 

The problem of quantifying the uncertainty at trajectory level in START is deeply studied in WP2. The 
objective of WP2 is to propagate the uncertainties identified at trajectory level using data assimilation 
models and a reduced-order-model (ROM) trajectory predictor. This ROM trajectory predictor is built 
using a time-dependent arbitrary Polynomial Chaos Expansion (aPCE). The aPCE allows to approximate 
the dependence of simulation model output (in our case, the output of a complete trajectory predictor) 
on model parameters by expanding them in an orthogonal polynomial basis (see Oladyshkin & Nowak 
(2012) [27] for a deeper explanation). While the accuracy reduction is inherent in any ROM, this 
approach allows to compute the output of the trajectory prediction process fast enough for the 
temporal frame defined in the START project. This is a clear advantage when needing to compute the 
traffic at large-scale networks, like the European one, in a reduced computational time.  

The uncertainty of the simulation model output is based on the uncertainty of the identified inputs, 
which can be defined a priori. This knowledge, together with the ROM trajectory predictor, allows to 
propagate each flight several times with different (perturbed) initial conditions, thus leading to a set 
of probabilistic trajectories as final output based only on the well-characterized uncertainty of the 
input parameters. 

The inputs for the ROM trajectory predictor for which the uncertainty shall be characterized, and 
identified and described through WP2, can be divided in four major groups: initial conditions, 
operational factors, aircraft performance model, and weather conditions. As it has been declared in 
the previous paragraph, these inputs present their own uncertainty inherently, which needs to be 
characterized and quantified in order to obtain the probabilistic distribution of the output trajectory.  

For this purpose, a data-driven approach is followed for the characterization activities using historical 
datasets from past relevant air traffic scenarios. Using this historical information, or past trajectories, 
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the characterization is executed by quantifying the incurred differences between the true values 
adopted during the flight and the ones declared a priori (i.e., from a nominal reference data source for 
the planned trajectory, as the flight plan), which will be the ones used as inputs for the ROM trajectory 
predictor. The result is a probabilistic distribution of the possible values to be adopted by each of the 
input variables. These distributions, together with the ROM trajectory model, allow to provide a 
prediction of the trajectory with an uncertainty based on the input parameters, thus providing a 
probabilistic trajectory as an output. 

These probabilistic trajectories can be seen as a collection of time-dependent probabilistic values for 
the defined aircraft state variables, each with an associated probabilistic density function, that take 
into consideration the stochastic factors mentioned before. The uncertainty of the probabilistic 
trajectories will be described by means of their statistical moments, which for WP3 will contain the 
mean and standard deviation of the arrival times, thus describing 𝜏Χ in the equation presented before. 

3.2 Integration into ATM Macro Model 

Hence, the information received by the network nodes, namely trajectories with arrival times 𝜏𝑜𝑎, 
involves a nominal component addressing the delay 𝜏𝜙 and stochastic component with the uncertainty 

distribution 𝜏Χ. Figure 11 depicts the formation of this two-component input to the airports. 

 

Figure 11: Trajectory information as an input to an airport node 

Figure 12 shows how the trajectory uncertainty gets involved with the airport-based meta-population 
epidemic model. Using trajectory uncertainty distributions, flight durations are sampled and 
corresponding departure and arrival deviations in terms of delays are obtained. Then, the observed 
arrival and departure times are used for calculating the model parameters where the uncertainties 
cause deviations in recovery rates. Therefore, the recovery rate distributions will be obtained, 
accordingly. 

 

Figure 12: Roadmap for trajectory uncertainty integration 

Finally, the ATM metamodel's airports act as a Markov Process, enabling to receive information 
without considering the previous states. Departure times are calculated through the current state, 
based on the operational state (subject to events) of the airport in addition to incoming traffic 
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(demand), delays, and uncertainties. As a function approximator, a deep neural network learns the 
airport's recovery rate for the given state and allows us to calculate the departure times of individual 
aircraft where the model is already explained in Section 2. This process runs in each time step for each 
node of the network, which requires a considerable amount of computational power; therefore, we 
have discussed the dimensionality reduction in Section 5. 
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4 Disruptive Event Integration 

Disruptive events such as severe weather conditions, thunderstorms, etc. have huge effect on the 
airport capacity usage rates. Since the capacity usage of airports are directly related with the recovery 
rates, disruptive events have to be included to the network model to construct a proper model and 
conduct more realistic simulations. For this purpose, regulation data of the European air traffic 
network is analyzed and integration of that data into the model is discussed. In this section, further 
explanation of the used regulation data is given. Also, the analysis conducted to see the correlation 
between recovery rates and regulations at airports. 

4.1 Model of Disruptive Events 

Within START, the main disruptive event that we will be considered are large convective cells or 
thunderstorms, which have a particularly heavy impact during the busy summer season. There are 
three main approaches for modeling and forecasting thunderstorms. In first place, nowcasts use recent 
radar or satellite sensor maps and derive a motion field from them, using it to extrapolate the future 
positions of the identified cells. In second place, numerical weather prediction (NWP) can be used to 
simulate the atmosphere at a high resolution to produce a physics-based forecast. Finally, in recent 
years there is growing interest in more complex nowcasting methods based on machine learning and 
artificial neural networks, though these methods are not as mature or as widely employed in practice 
[28]. 

 

 

Figure 13: Forecast skill for Vertically Integrated Liquid (adapted from Sun et al, 2013) 
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Figure 13 illustrates the performance of the two main families of methods. It is clear that, for the scope 
of the START project (with a 4-hour lookahead sliding window), a method based on nowcasting has a 
higher accuracy than a method based on NWP. We will employ the method described in González 
Arribas et al, 2019 [29], which combines a satellite-based nowcast with a statistical analysis that 
characterizes the inherent uncertainty in thunderstorm evolution; we will proceed to outline its main 
features. 

 

Figure 14: Example RDT input 

The method takes as input a satellite-based nowcast, Rapidly Developing Thunderstorms (RDT). RDT is 
one of the products of the NWCSAF consortium, participated by several European National Weather 
Services. It uses imagery collected from the SEVIRI instrument installed aboard the geostationary 
Meteosat Second Generation (MSG) satellites, with a horizontal resolution of 3 km, in order to 
characterize convective systems in an area around Europe (or another region with  
MSG coverage) every 15 minutes.  

The RDT system identifies convective cells and describes them as polygons on a latitude-longitude map 
in an object-oriented approach, while also determining certain attributes of the cells. It applies three 
processing steps: in first place, the infrared brightness temperature from SEVIRI data is used to identify 
the cloud towers by an analysis of its local minima and the surrounding temperature pattern. Then, a 
tracking algorithm compares successive analysis with overlap and correlation methods to match 
previously analysed cells with newly analysed ones, generating an estimate of their speed and 
direction. Finally, convective objects are discriminated from the much more numerous cloud cells 
through analysis of trends and spatial characteristics of multiple infrared and water vapour channels; 
a statistical model, trained on lightning occurrence data from the Météorage and EUCLID networks, 
produces the final output. 

The computed parameters (in particular, the perimeter, speed and direction) can be employed to 
extrapolate the position of the storm in a deterministic manner. However, this extrapolation is 
deterministic and doesn't take the error inherent to the nowcast into account. Therefore, we enhance 
this extrapolation through usage of a probabilistic model, that applies the following steps (see Figure 
15). 
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Figure 15: Probabilistic RDT steps 

1. The last three nowcasts are extrapolated to the forecast time 

2. A stochastic component is added to the deterministic motion. A statistical analysis is employed 
to calibrate the magnitude of this stochastic component and match, in this way, the historical 
forecast error. 

3. All possible realizations of the stochasticity are averaged in an efficient analytical manner 

4. The resulting projected storms are weighted according to a coefficient that depends on their 
phase and their position in the time-lagged ensemble (i.e. newer data are given more weight). 
The coefficients are determined from historical data through logistic regression 

5. A logistic transformation is applied to the weighted data to map it to the [0, 1] range. 

6. Finally, a probabilistic field is produced, providing a probability value at each point in a grid for 
the specified forecast time. 

The mathematical details of the fitting procedure can be found in González-Arribas, 2019 [29]. Figure 
16 compares this post-processed output to the deterministic input; a darker shade of blue represents 
a higher probability according to the probabilistic product. 
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Figure 16: Comparison between the deterministic nowcast and the probabilistic nowcast. The different line 
styles represent the three members of the time-lagged ensemble (i.e. the three most recent snapshots) 

4.2 Regulation Data 

ATFM regulations, also known as 'slot delays’, are designed to ensure safe and smooth air traffic 
operations. Aircraft are kept on the ground at the departure airport to avoid a predicted traffic 
overload somewhere along the aircraft’s flight path. The overload or ‘bottleneck’ that triggered an 
ATFM regulation can be at the destination airport, in an en-route sector, or at the departure airport 
but will always result in keeping the aircraft on the ground at the departure station. The dataset 
employed for the analysis in section 4.3 covers a post-operational analysis of Air Traffic Flow 
Management Regulations in Europe. The data is provided by EUROCONTROL and covers the time 
period between 2017-2019. The following fields are available: 

Label Definition 

REGU_ID Identification of the regulation/Name of the regulation 

START_DATE Date when the regulation started 

END_DATE Date when the regulation finished 

TVS Traffic Volume Set 

TV Traffic Volume 

ORIGINAL_REF_LOC Original Reference Location 

REF_LOC Final Reference Location 

ORIGINAL_REF_LOC_TY Original Reference Location Type (airport or en-route) 

REF_LOC_TY Final Reference Location Type (airport or en-route) 

ORIGINAL_REGU_REASON Original Regulation Reason 

REGU_REASON Final Regulation Reason 

ORIGINAL_REGU_REASON_CO
DE 

Original Regulation reason code 

REGU_REASON_CODE Final Regulation reason code 

ANM_REMARK Remark ANM 

ALL_TRAFFIC Number of total traffic impacted by the regulation 

MP_TRAFFIC Number of the most penalising traffic for the regulation 

MP_DELAYED_TRAFFIC Most penalising delayed traffic 

ORIGINAL_REGU_FLIGHT_DEL
AY 

Original Delay 
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REGU_FLIGHT_DELAY Final Delay 

IS_CHANGED Regulation changed Yes or No (Y or N) 

POST_OPS_CHANGE Post Ops change Yes or No (Y or N) 

REA_TDPIS_CHANGE Change applied linked to REA and/or TDPIS 

ORIGINATOR_REF Reference of the Originator for the change (NATS, DFS, ENAIRE 
etc…) NM_REF Reference NM (case number) 

RATIONALE_FOR_CHANGE Rationale for change 

 

4.3 Analysis of the Regulation Data 

In the regulation data, 14 different types of events are observed as given in the Table 1. It can be said 
that the majority of the regulations, with 75.55%, are caused by either Aerodrome Capacity, ATC 
Capacity, or Weather. 

Table 1: Regulation distribution (January 2017 - December 2019). 

 

Figure 17 and Figure 18 present an example of a case that shows the correlation between recovery 
rates of an airport for epidemic spreading process and related regulation data for the same airport. 
For the example, Zurich Airport (LSZH) is evaluated with its regulation on March 30, 2018. The 
regulation that is observed is related to a weather activity (cumulonimbus) and the regulation took 
place from 15:00 to 22:00. In Figure 17, comparison between the day under this regulation and a day 
without a regulation (nominal condition – on March 27, 2018) is given. On the other hand, Figure 18 
shows the recovery rate change during the regulation.  

Regulation Type Regulation Code Events Seen Frequency

Accident/Incident A 57 0.18%

ATC Capacity C 5983 19.18%

Aerodrome Services E 99 0.32%

Aerodrome Capacity G 13334 42.75%

ATC Ind Action I 267 0.86%

Airspace Management M 1096 3.51%

Ind Action non-ATC N 13 0.04%

Other O 473 1.52%

Special Event P 894 2.87%

ATC Routeings R 71 0.23%

ATC Staffing S 2916 9.35%

ATC Equipment T 657 2.11%

Environmental Issues V 1082 3.47%

Weather  W 4247 13.62%

TOTAL - 31189 100.00%
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Figure 17: Comparison of the recovery rate profile at LSZH 

 

Figure 18: Recovery rate profile at LSZH under regulation (for March 30, 2018) 

It is obvious to say that the recovery rate profile is showing correlation with the delays caused by the 
regulation. Therefore, the disruptive event information such as what is the accumulated delay value, 
how many flights are affected, what type of event is observed, is to be used as an input to estimate 
the recovery rate via deep neural network.   

4.4 Model Integration 

Regulation data is analyzed to find patterns between regulations and regarding observed delays. 
Additionally, regulation types with respect to average delays caused by them is classified. Then, the 
relation between delays and regulations by obtaining delay distributions for each disruptive event 
type. Finally, delays distributions by events are used for the model integration. Figure 19 depicts the 
integration roadmap of the disruptive events. 
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Figure 19: Roadmap for disruptive event integration 

Regulation data is used to quantify the delay effects for each disruptive event type. When the 
disruptive event information for the model is obtained, expected delay (per flight) by the given 
disruptive event will be sampled from the related distributions depending on the event type and 
severity. Those sampled delays are included into the model from the calculation of probability of being 
infected parameter. Related delay distributions for non-weather-related disruptive events are also 
obtained using regulation data to have a more complete model. If there are models that are predicting 
non-weather events, we are able to implement those as well into our network model. Figure 20 shows 
different delay per flight distributions caused by weather-related disruptive events such as 
thunderstorms, rain, cumulonimbus activities, etc. 

 

Figure 20: Delay distribution of disruptive events 
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5 Model Dimension Reduction 

This part contains the analysis for dimensionality reduction process for the model. Traffic of Europe is 
observed via analyzing the traffic flow and airport conditions. Therefore, historical flight track data of 
the European network on January 2018 is used to extract the related information, understand the 
behavior of the air transport system, and reduce the dimension of the network properly.  

According to the flight flow analysis, 20.36 % of arrivals and departures around Europe are interacted 
with the top 10 busiest airports as of January 2018 which is given in the Table 2. In addition, Table 3 
shows the total movements (note that a movement is either an arrival or a departure, i.e., one flight 
embraces two movements) and their percentages of the top 10, 20, and 30 airports within Europe in 
terms of total demand. According to that, 40% of the movements in the European air traffic network 
is originated from top 30 busiest airports.  

Table 2: Top 10 busiest airports and their movements in Europe (January 2018). 

 

 

Table 3: Total movements and percentages of the top busiest airports in Europe (January 2018). 

 

Intuitively, an airport starts to generate delay for the network if it goes over its capacity limits. Given 
this, we might exploit this assumption in our reduced order model:   

• airports that have more than one flight for each 15-minute time window are considered as 
they might have impact on the delay propagation process of the network and generate delays 
under some conditions. 

• the airports that have 96 flights per day at most, are assumed as minor airports, have negligible 
effects over delay propagation process, as they are working far from their capacity limits.  

According to the analysis in January 2018, in Europe’s air transport network, 2100 airports are 
operating under their capacity limits. Those airports are to be considered an aggregated airport since 

Airport Total Movement % of All Traffic

EGLL 1233 2.49%

EHAM 1223 2.47%

LFPG 1197 2.42%

EDDF 1188 2.40%

LTBA 1174 2.37%

LEMD 1009 2.04%

EDDM 976 1.97%

LEBL 722 1.46%

LIRF 697 1.41%

LSZH 664 1.34%

Movements  (per day) Fraction

Top 10 Airports 10085 20.36%

Top 20 Airports 15797 31.90%

Top 30 Airports 20158 40.70%

TOTAL Europe 49525 100.00%
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they damp the incoming and do not generate any delay for the network. Aggregated airports are taken 
to be not capacity restricted. There are also inflows from and outflows to non-European airports. Since 
the dataset we are dealing with considers only the traffic interacting with Europe, non-European 
airports are to be considered in the aggregated airport.  

In Figure 21, European air traffic network that is obtained through analysis from tracking data, is 
presented as a weighted directed graph. Nodes of the graph show the airport region codes, that are 
determined by ICAO and weighted directed edges represent the normalized flights between regions. 
ICAO codes L, E, U, K, O, and G represent Southern Europe, Israel, Palestine and Turkey region, 
Northern Europe region, Russia region, United States region, Pakistan, Afghanistan and most of Middle 
East region, and Western parts of West Africa and Maghreb region, respectively (as in Table 4). There 
are more codes such as C for Canada region, H for East Africa and Northeast Africa region etc. but since 
each of them are weighted below 0.5%, those regions are neglected in the representation. Figure 21 
depicts how strong the model representation is by focusing primarily on the European air traffic 
network since it involves 79.5% of the flights in the network. 

 

Figure 21: Graph representation of the European air traffic network (for January 2018) 

Table 4: ICAO codes for regions (the ones that are shown in Figure 21). 

 

Finally, 115 major airports and one aggregated airport are to be considered as the nodes of reduced 
order network model. In other words, the constructed airport-based metapopulation air traffic 
network model consists of 116 nodes with flights as directed edges that are weighted by normalized 
inflows. 

ICAO Codes Region

L Southern Europe, Israel, Palestine and Turkey

E Northern Europe

U Russia

K United States 

O Pakistan, Afghanistan and most of Middle East 

G Western parts of West Africa and Maghreb
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6 Concluding Remarks 

The D3.1 explained the developed ATM network macro-model, allowing us to model the propagation 
of flight trajectory uncertainties and further assess the impact of disruptive events, i.e., thunderstorms. 
The connections between the operational aspects of the air traffic flow management and the 
developed meta-model are given as the airports' traffic densities correlated with the infection rates 
and the capability to absorb the uncertainties associated with recovery rates. Uncertainties over 
individual flight trajectories, which are the functions of flight times, have been defined through 
probabilistic distributions where superpose on the arrival times. Moreover, deep learning models have 
been integrated to capture the nonlinear relationship between the recovery rates, uncertainty 
accumulation, and disruptive events' attributes. 

In this document, firstly, the theory behind the air transportation network's modeling process has been 
explained in Section 2. SIS model, which is one of the basic population models, has been discussed, 
then metapopulation extension of the model has been elaborated. Then, the compartment meta-
model with continuous states has been introduced as an improvement in our network model. All 
parameter for the airport-based meta-model has been elaborated such as infection rates, probabilities 
of being infected, recovery rates. Additionally, machine learning-based recovery rate estimation using 
deep learning has been introduced to capture the nonlinear relations for modeling the network.  

In Section 3, the connection between the flight trajectory uncertainties that are represented by 
probabilistic flight time distributions and the air traffic network model has been described. Section 4 
provided information regarding the modeling process of the disruptive events and the relation 
between the network model. Finally, in Section 5, the dimension reduction strategy of the model 
enables to have a robust model representation and lower computation cost by using minor airports 
that have relatively low demand as an aggregated airport alongside with the major airports, has been 
explained.  

As the following work, in Deliverable 3.2, we will be presenting the description of the network 
resiliency and management strategies based on the developed meta-model, which has been explained 
in this document. First, the model outputs, which are associated with model validations (Task 3.4) and 
resiliency mitigations due to disruptive events will be shown; then the developed regulation strategies 
based on artificial intelligence through controlling infection rates, which have direct projections 
operational activities such as ground holdings and flight cancellations, will be given. 
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