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Abstract  

In this deliverable we propose a methodology to predict probabilistic aircraft trajectories using multi-
scale convective weather information. The core of this deliverable is to effectively propagate 
uncertainties from a given current state up to look-ahead times of 8 hours. The challenge arises in 
integrating different MET products with different temporal scales, namely: Ensemble nowcasts, 
regional coverage EPS forecasts and global coverage EPS (the temporal scales are of the order of 
minutes for the Nowcast and hours for both the regional and the global EPS). 

The deliverable is divided into five main technical activities: 

 Weather temporal interpolation (see Section 2). 

 Short-Term Trajectory predictor (see Section 3).  

 Long-Term Trajectory predictor (see Section 4). 

 Uncertainty characterization (see Section 5). 

 Unified framework to integrate Short and Long-Term TPs (see Section 6). 
 

In Section 7, we demonstrate the integrated methodology to two examples that capture the 
complexity and variability of the cases we will face in the simulation assessment that will follow as part 
of WP5, WP6, and WP7 of FMP-Met. A set of conclusions are drawn in Section 8. 
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Executive Summary  

The overall objective of FMP- Met is to provide the Flow Management Position (FMP) with an intuitive 
and interpretable probabilistic assessment of the impact of convective weather on the operations, up 
to 8 hours in advance, coming from the combination of the probabilistic sector demand, complexity, 
and capacity reduction, to allow better-informed decision making. 

In line with this overall goal of FMP-Met project, in this deliverable we propose a methodology to 
predict probabilistic aircraft trajectories using multi-scale convective weather information, thus 
characterizing the estimated overflying times in a probabilistic manner. The core of this deliverable is 
to effectively propagate uncertainties from a given current state up to look-ahead times of 8 hours. 
The challenge arises in integrating different meteorological (MET) products with different temporal 
scales, namely: ensemble nowcasts (as described in FMP-Met’s D3.1 [1]), regional-coverage ensemble 
prediction systems (EPS) forecasts (in this case, COSMO, also described in [1]) and global-coverage EPS 
forecasts (in this case, ECMWF, also described in [1]); the temporal scales are of the order of minutes 
for the Nowcast and hours for both the regional and the global EPS. 

The deliverable is divided into four main technical activities, which correspond to Task 4.1, 4.2, 4.3, 
and 4.4 in the Grant Agreement, respectively: 

 Weather temporal interpolation (see Section 2): To cover an existing gap in the literature, we 
model time-evolving weather, which has been integrated into the short and long-term 
trajectory predictors. We use optical flow techniques to compute the atmospheric state at any 
intermediate time between tow given time-steps of the MET forecast (1h in high resolution 
EPS, and 15 min. in nowcasts). A python-based library coined METeorological INterpolation 
Toolbox for Optimization and Simulation (METINTOS) has been developed within this task and 
can be accessed on an open-source basis. 
 

 Short-Term Trajectory predictor (see Section 3): The trajectory prediction with a short look-
ahead time (up to 1h) mainly deals with the determination of the lateral manoeuvres 
performed by the aircraft to avoid the storm cells. A trajectory predictor, based on pSAT and 
SAT, storm avoidance tools developed by USE, and which makes use of the BADA performance 
model, has been conceived. It provides an ensemble of deviated trajectories that takes into 
account the MET uncertainty, provided by the probabilistic nowcasts, the operational 
uncertainty linked to the storm avoidance strategy, and the uncertainty in the take-off times 
for those flights that have not yet departed. 
 

 Long-Term Trajectory predictor (see Section 4): The core of the trajectory prediction approach 
for long look-ahead times (from 1h and up to 8h) is the development of a Parallel Probabilistic 
Trajectory Predictor (PPTP). The PPTP propagates multiple trajectories under different 
scenarios, namely, the wind/temperature values of the ensemble members of the EPS or 
different initial conditions resulting from the previous evolution of uncertain trajectories 
obtained for short look-ahead times. It does it in parallel through General-Purpose computing 
on Graphics Processing Units (GPGPU). The PPTP, which is based on BADA aircraft model and 
integrates information of the network of routes, also integrated delay uncertainties derived 
from the exposure of the flight to convective areas. The latter has been conducted using data 
analytics. 
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 Characterization of uncertainty (see Section 5): In this section, the uncertainty in the take-off 
time and the operational uncertainty due to the avoidance of thunderstorms are 
characterized. 

 

 Unified framework to integrate Short and Long-Term TPs (see Section 6): The last activity 
described in this deliverable, has to do with the conceptual definition of a unified framework 
for trajectory prediction. In this way we have defined a series of finite state machine (also in 
the form of block diagrams) that univocally define which TP (short or long) should be used, 
with which met product (nowcast, COSMO, or ECMWF), when to move from one to another, 
etc. A JSON file structure for the exchange of trajectory objects has also been defined, see an 
example in Appendix C.  

 
In Section 7, we show the integrated methodology to two examples that capture the complexity and 
variability of the cases we will face in the simulation assessment that will follow as part of Work 
Packages 5, 6 and 7 of FMP-Met. The two flights selected to illustrate the complete methodology are: 

 LFPG to LORP (Paris-Bucarest), callsign AFR1888, A320. 

 KJFK to OMAA (New York-Abu Dhabi), callsign ETD102, A388. 

The main conclusions drawn in Section 8 are: 

 The successful implementation of an optical-flow-based temporal interpolation scheme, which 
has been shown to behave systematically better (in terms of errors) than a linear interpolator. 

 The successful development of a short-term TP capable of propagating uncertainties derived 
from thunderstorm encounter and avoidance. 

 The successful development of a long-term TP based on Graphics Processing Units (GPU) 
computing and capable of propagating 500.00 trajectories per second. 

 The successful characterization of take-off time uncertainties. 

 The successful characterization of operational uncertainties derived for different avoidance 
strategies when encountering thunderstorms. 

 The conception of a unified framework for trajectory prediction that integrates all the above 
developments. 
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1 Introduction1 

 

1.1 Overview 

The goal of the present deliverable is to stablish the methodology for trajectory prediction up to 8 
hours considering different look-ahead times, i.e., short-term (up to 1h) and long-term (from 1h to 8h). 
Different meteorological products will be used (input from WP3), namely Nowcast information (short-
term) and EPS (long-term). This methodology is needed to generate the input for the activities within 
WP5, WP6 and WP7. 

In summary, the following challenges are addressed: 

1. Translation of the uncertainty in the storm avoidance strategy into flight time uncertainty. This 
development in the problem of trajectory prediction for flights affected by Nowcasts will be 
based on the results obtained in the PSA-Met project.  

2. Translation of the exposure to convective risk (as defined by EPSs) into flight time uncertainty. 
This is the main development in the problem of trajectory prediction for flights affected by 
EPSs. (Note that the translation of wind uncertainty into flight time uncertainty is well known 
(see for instance previous work in the SESAR’s TBO-Met project).  

3. Seamless analysis of probabilistic trajectories (considering multi-source met input, with 
different lead times). 

1.2 FMP-Met project goals 

The framework for FMP-Met is the integration of MET forecast uncertainty information into the 
decision-making process for FMP. This project deals with the provision of probabilistic sector demand 
and sector capacity forecasts under convective weather for a forecasting horizon of 8 hours. Hence, 
three MET forecast products are needed, with different lead times: Nowcast, lead time 1h; limited-
area EPS, lead time 2-3h; global EPS, lead time 8h. 

The overall objective is to provide a probabilistic assessment of the impact of convective weather, 
coming from the combination of the probabilistic demand, complexity, and capacity, useful for FMP 
(as the end user), intuitive and interpretable, to allow better-informed decision making. 

The project has the following specific objectives: 

1. Tailor multi-scale, multi-source convective weather information for FMP application. 
2. Predict probabilistic aircraft trajectories using multi-scale convective weather information. 
3. Forecast multi-sector demand and complexity under convective weather. 

                                                           

 

1 The opinions expressed herein reflect the author’s view only. Under no circumstances shall the SESAR Joint 
Undertaking be responsible for any use that may be made of the information contained herein. 
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4. Translate weather forecasts into predictions of reduced airspace capacity. 
5. Produce guidelines for the use of probabilistic forecasts for FMP application.  

1.3 FMP-Met overall concept 

The main idea is that it is necessary to improve our understanding of the effects of adverse weather 
on the ATM system and seek ways to alleviate them. In this project we focus on the improvement of 
the FMP decision-making process when subject to the effects of convective weather. 

Project structure  

The structure of the project is sketched in Figure 1, which consists of 6 blocks (that correspond to 6 
different technical work packages), briefly described in the following table: 

Concept of operations Development of a concept for Flow Management in severe convective 

weather that uses probabilistic MET information considering different 

look-ahead times and different MET products 

MET info processing Provision and processing of MET forecasts products: EPSs and Nowcasts 

Trajectory prediction  Prediction of the trajectory for the next 1 hour, based on Nowcast 

information, and prediction from 1 hour onwards up to 8 hours, based on 

EPS information (convective risk, precipitation accumulation, etc.) 

Demand forecast Provision of probabilistic forecasts of sector-demand indicators that 

consider convective weather  

Capacity forecast Quantification of the reduction of the available airspace capacity caused by 

convective weather 

Concept assessment Evaluation and assessment of the methodologies developed to forecast 

sector demand, sector complexity and sector capacity reduction under 

convective weather 

Figure 1: FMP-Met structure 

 

Figure 2: FMP-Met methodological blocks 
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1.4 Purpose and scope of this deliverable within FMP-Met. 

The present deliverable is devoted to FMP-Met’s WP4 activities, i.e., the trajectory prediction, 
including the methodology used and the obtained results. As for the input, WP3 must provide all the 
MET products for the tactical and pre-tactical trajectory predictions (WP4).  

The core of WP4 is to effectively propagate uncertainties from a given current state to look-ahead 
times of around 8h, thus serving as the basis to compute the demand in a probabilistic manner (WP5).  

The challenge in WP4 arises in integrating different temporal scales yet different meteorological 
phenomena (thus with different meteorological products): Ensemble-based nowcasts are used to 
forecast thunderstorms (raw information from WP3) at the short-term timescale; Global and regional 
EPS forecasts are used to retrieve wind uncertainties (raw information from WP3) and extract different 
indicators of probability of convection at long-term lead times (processed information at WP3). Both 
type of products provides weather variables in a discrete fashion (with different time granularities: 15 
min for the Nowcast; 1h for the EPS). 

The deliverable is divided into five main technical activities: 

 Weather temporal interpolation, which corresponds to Task 4.1 (see Section 2).  

 Short-Term Trajectory predictor, which mainly corresponds to Task 4.2 (see Section 3).  

 Long-Term Trajectory predictor, which corresponds to Task 4.3 (see Section 4). 

 The characterization of uncertainties, which is part of task 4.2 and Task 4.4 (see Section 5).  

 Unified framework to integrate Short and Long-Term TPs, which mainly corresponds to Task 
4.4 (see Section 6). 
 

To incorporate time-evolving weather into the trajectory predictors (developed as part of Task 4.1), 
we have employed optical flow techniques to compute the atmospheric state at any time between 
two given time-steps of the meteorological forecast, typically 1h in high resolution EPS and 15 min. in 
nowcasts. Optical flow is the pattern of apparent motion of image objects between two consecutive 
frames caused by the movement of an object or camera [Baker, 2011]. It is described by a 2D vector 
field in which each pixel/grid point of the frame (in our case, weather variables) has an associated 
displacement vector. We can use the information from this vector field motion to generate weather 
fields at any given instant of time between two given steps of a forecast with smaller error than 
techniques such as linear or spline interpolations, which introduce structured errors because of the 
coarse resolution in time. We show it in Section 2. A python-based library coined METeorological 
INterpolation Toolbox for Optimization and Simulation (METINTOS) has been developed within this 
task and can be accessed on an open-source basis. 

Once the weather input has been post-processed to enhance the temporal resolution using optical 
flow, it is passed to the different TPs, i.e., the short-term and long-term TPs (see Figure 3). 
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Figure 3: Trajectory prediction for flights inside Europe and on ground 

 

The trajectory prediction with a short look-ahead time (up to 1h) mainly deals with the determination 
of the lateral manoeuvres performed by the aircraft to avoid the storm cells. A trajectory predictor, 
based on pSAT and SAT, storm avoidance tools developed by USE, and which makes use of the BADA 
performance model, has been conceived. It provides an ensemble of deviated trajectories that takes 
into account the MET uncertainty, provided by the probabilistic nowcasts, the operational uncertainty 
linked to the storm avoidance strategy, and the uncertainty in the take-off times for those flights that 
have not yet departed. 
 
The core of the trajectory prediction approach for long look-ahead times (from 1h and up to 8h) is the 
development of a Parallel Probabilistic Trajectory Predictor (PPTP). The PPTP propagates multiple 
trajectories under different scenarios, namely, the wind/temperature values of the ensemble 
members of the EPS or different initial conditions resulting from the previous evolution of uncertain 
trajectories obtained for short look-ahead times. It does it in parallel through General-Purpose 
computing on Graphics Processing Units (GPGPU). The PPTP, which is based on BADA aircraft model 
and integrates information of the network of routes, also integrated delay uncertainties derived from 
the exposure of the flight to convective areas. The latter has been conducted using data analytics. 
 
For the application to realistic air traffic scenarios, the definition of a unified framework for trajectory 
prediction subject to different sources of uncertainty has been addressed. This framework is needed 
to perform the demand and capacity analyses in the following WPs, i.e., WP5, WP6, and WP7. It 
combines both trajectory prediction methodologies so as to provide an integrated procedure to 
propagate the trajectory of a flight from the prediction time 𝑇𝑃 up to the computation limit time 𝑇𝑃+8h. 
To do so, the position at 𝑇𝑃 (provided by the surveillance system if the aircraft is airborne) and the 
flight plan (provided by the NM) are assumed to be known, including the clearances provided by ATC 
for airborne flights. The key principle is to use, at each time and location, the best MET forecast product 
available, what leads to considering a classification of flights. First, according to the position at 𝑇𝑃, 
flights can be either inside the airspace with available Nowcasts or outside that airspace; these cases 
will be subsequently referred to as inside Europe and outside Europe, what is a reasonable terminology 
for a Nowcast system based on OPERA composite radar. Second, flights are also classified depending 
on whether the aircraft is already airborne at 𝑇𝑃 or still on ground but scheduled to depart before 
𝑇𝑃+8h. According to these two criteria, any flight of a real traffic scenario belongs to one of the 
following four categories: Inside Europe and on ground, inside Europe and airborne, outside Europe 
and on ground, and outside Europe and airborne. 
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As output to WP4, (which is the input to WP5 and WP6), we provide a probabilistic trajectory for each 
flight, that is to say, an ensemble of trajectories, each one of them being composed of a sequence of 
4D waypoints (with coordinates and estimated time of arrival). 

1.5 Data used 

There are three main input models we are considering for this deliverable:  

 For the aircraft dynamics, the models are those commonly used in trajectory analysis: motion 
described by a three-degree-of-freedom model, symmetric flight and aircraft performance 
defined by Eurocontrol’s Base of Aircraft Data (BADA). 

 For the structure of the airspace, i.e., waypoints, airways, sectors, flight levels (FL), we rely on 
Eurocontrol’s R&D data archive. 

 For the meteorology, we rely on weather inputs coming from WP3. Interested reader are 
referred to D3.1 of FMP-Met, where they are explained in detail. Just for the sake of 
completeness, we provide a brief description hereafter:  

o The probabilistic forecast of the convective weather for the next hour using the STEPS 
(Short-Term Ensemble Prediction System) technique. The convective weather 
realizations include a characterization of individual cells, with their positions, ranges, 
strengths, and cloud heights. Observation data comes from weather radars and 
satellite observations. 

o the wind and temperature distributions are obtained from the EPS forecasts. These 
forecasts are also processed to generate products that characterize the convective 
activity. The main products obtained are the global EPS from ECMWF (the European 
Centre for Medium-Range Weather Forecasts) and the limited-area high- resolution 
EPS from COSMO-D2-EPS from Deutscher Wetterdienst. 

The specific data used to solve the two cases in Section 7, will be incorporated in the Data Management 
Plan (in the following periodical review). 

1.6 Intended readership 

This document is intended to be read by FMP-Met members, SJU (included the Commission Services), 
and ATM stakeholders. 

1.7 Acronyms  

Acronym Description 

ALU Arithmetic Logic Unit 

AoI Area of Interest 

ATC Air Traffic Control 
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ATOT Actual Take-Off Time 

ATM Air Traffic Management 

BADA Base of Aircraft Data 

CPU Computer Processor Unit 

CPP Compound Poisson Process 

CTH Cloud Top Height 

CUDA Compute Unified Device Architecture 

DDR2 Demand Data Repository V2. 

DEM Delay Event Model 

ECMWF European Centre for Medium-Range Weather Forecasts 

EDFC Equivalent Distance Flown in Convection 

EOBT Estimated Off-Block Time 

EPS Ensemble Prediction Systems 

ETFMS Enhanced Traffic Flow Management System 

ETOT Estimated Take-Off Time 

FMP Flow Management Position 

FP Flight Plan 

GPGPU General-Purpose computing on Graphics Processing Units 

GPU Graphics Processing Units 

KJFK John Fitzgerald Kennedy Airport 

LAM Limited Area Model  

LFPG Paris Charles de Gaulle Airport 

LORP International Airport of Bucarest 

MAE Mean Absolute Error 

MET Meteorology 

METINTOS Meteorological Interpolation Toolbox for Optimization and Simulation 

NM Network Manager; Nautical Mile 

OMAA Abu Dhabi Airport 

OPERA Operational Programme for the Exchange of Weather Radar Information 

PC Project Coordinator 

PPTP Parallel Probabilistic Trajectory Predictor 

pSAT Probabilistic Storm Avoidance Tool 

RMS Root Mean Square 

SAF Satellite Application Facilities 
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SAT Storm Avoidance Tool 

SID Standard Instrumental Departure 

STEPS Short-Term Ensemble Prediction System 

TAS True Airspeed 

TO Take Off 

TP Trajectory Predictor 

WP Work Package 

 

1.8 FMP-Met Consortium 

Acronym Description 

USE Universidad de Sevilla 

AEMET Agencia Estatal de Meteorología 

ACG Austro Control GmbH 

CCL Croatia Control Limited 

LiU Linköping University 

MetSol MeteoSolutions GmbH 

PLUS Paris-Lodron Universität Salzburg 

UC3M Universidad Carlos III de Madrid 

ZFOT University of Zagreb 
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2 Weather Temporal Interpolation 

As already mentioned in the Introduction, FMP-Met project relies on time-evolving weather. Indeed, 
the problem we are facing in FMP-Met (characterization of uncertainties in the demand and capacity 
at FMP level) would benefit from weather inputs with higher temporal resolution (compared with the 
temporal resolution in raw data). As indicated in Deliverable 3.1, the EPS forecasts are provided by the 
meteorological agencies with 1-hour time resolution; nowcast are provided with 15 minutes time 
resolution.  The trajectory predictors we have developed within FMP-Met (described in this 
deliverable) will use EPS with 15 minutes temporal resolution and nowcasts with 5 minutes. 

Several techniques could be applied for this matter, e.g., linear interpolation, splines; however, optical 
flow is extensively used by meteorologists, showing lower interpolation errors in weather variables. 
Thus, we initially choose optical flow as temporal interpolation technique. We will compare it with 
linear interpolation, showing how optical flow outperforms it. 

2.1 Optical flow 

Optical flow is a technique that is based on capturing the relative 2D motion of individual pixels 
between two adjacent frame images.  

It has a huge and wide range of applications from bio-sanitary [2]–[6] Pattern recognition [7], objects 
tracking [8]–[10], coming through robots and autonomous systems [11]–[14].  

In [13], interested reader can consult a survey on optical flow techniques. The authors in [13] identify 
five main groups for estimating image velocity: intensity-based differential methods, multi-constraint 
methods, frequency-based methods, correlation-based methods, multiple motion methods and 
temporal refinement methods (see Figure 4 for a deeper inside in different subtypes).  
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Figure 4. Optical flow techniques classification 

 

When it comes to temporal interpolation (or temporal refinement as it reads in Figure 4) of weather 
variables,  the optical flow calculation relies on the so-coined Farnebäck algorithm, which was 
developed by Farnebäck in  [15], [16]. Let us expose it in brief: 

Consider an image pixel denoted as 𝐼(𝑥, 𝑦, 𝑡). 

Let us assume that the intensity between pixels is constant. Then, we can write: 

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + ∆𝑥, 𝑦 + ∆𝑦, 𝑡 + ∆𝑡). 

The optical flow equation can be obtained from the Taylor approximation in I, resulting in: 

𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡 = 0, 

where, 

- u is the pixel speed in the horizontal axis; it can be also denoted as �̇�. 
- v is the pixel speed in the vertical axis; it can be also denoted as  �̇�. 
- 𝐼𝑥 stands for 𝜕𝐼 𝜕𝑥⁄ , which is the pixel gradient in the horizontal axis. 
- 𝐼𝑦 stands for 𝜕𝐼 𝜕𝑦⁄ , which is the pixel gradient in the vertical axis. 

- 𝐼𝑡  stands for 𝜕𝐼 𝜕𝑡⁄ , which is the pixel gradient in time. 
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We implement optical flow using the openCv python library2. OpenCv presents several algorithms to 
solve the previous optical flow partial differential equation, e.g.: Lucas-Kanade method (for a sparse 
feature set3), Gunner Farnebäck (for dense feature set4). The one selected in this for fitting in the 
interpolation of the weather varibles is based on Gunner-Farnebäck [16]. 

 

Figure 5: Two-frame motion estimation based on polynomial expansion [17]  

As it is described in the Opencv documentation, the cv2.calcOpticalFlowFarneback (The OpenCv 
function we have used) needs 10 inputs parameters. The selection of Farnebäck algorithm parameters 
could change the optical flow performance. Therefore, we have developed a study to find the 
parameters values that fits better in our weather variables interpolation. For this study, the hyperopt 
library (Distributed Asynchronous Hyper-Parameter Optimization) was used in [17]. 

The experiment was done using ERA5 reanalysis dataset samples including wind vector and 
temperature (The dataset used is from 2020-Jan-01 at 00.00 to 2020-Jan-06 at 00.00 for every hour 
withing this period). Meteorological reanalysis is based on meteorological data assimilation. The aim 
is at assimilating historical observational data spanning an extended period, using a given model. The 
data assimilation system used to produce ERA5 includes a 4-dimensional variational analysis with a 12-
hour analysis window. The spatial resolution of the dataset is approximately 31 km (in the high-
resolution version) on 32 vertical levels from the surface up to 0.01hPa. ERA-5 products are normally 
updated once daily, with a delay of two months to allow for quality assurance and for correcting 
technical problems with the production, if any. ERA-5 data can be downloaded from the ECMWF Public 
Datasets5 [18]. 

                                                           

 

2 Alexander Mordvintsev & Abid K. Revision 43532856 in opencv-python-tutorial Optical Fllow accessed 18 Oct 2020. 

3 Other methods for a sparse feature set are mong others Lucas–Kanade, Horn–Schunck and Buxton–Buxton. 

4 Other methods for a dense feature set are Dual TV L1 [20], [21], Dense Inverse Search [22], PCAFlow, Variational Refinement [23]. 

5 https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5 accessed 9th Nov 2020. 

https://opencv-python-tutroals.readthedocs.io/en/latest/py_tutorials/py_video/py_lucas_kanade/py_lucas_kanade.html
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
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2.2 Optical flow vs linear interpolation 

Given two consecutive steps of a forecast at times t0 and t1, whose values we denote by the matrices 
F0 and F1, we can use optical flow to implement an improved interpolation scheme. In first place, we 
use Farneback’s algorithm to compute the optical flow between those frames, (u, v). Then, to evaluate 
the field at any point (x, y) and time between tA and tB, we use the following formula: 

 

In this section we show that the errors in the temporal interpolation when using optical flow are 
smaller than the errors when using standard techniques, for example linear interpolation. 

Both optical flow and linear Interpolation are used to reconstruct the values of the zonal and 
meridional wind components, and the temperature. For example, in Figure 6, we plot the forecast 
steps at t=0h, t=3h, and t=6h. We assume the forecast at t=3h is the ground truth and reconstruct its 
value via interpolation using the frame at t=0h and t=6h. By comparing the errors obtained with 
different interpolation methods, we can assess the goodness of the interpolation method. 

 

Figure 6: Example of optical flow interpolation for the temperature 

To generalize this reasoning, we have conducted an experiment in which we have selected a dataset 
conformed by six days. We have picked the first day of the month within the first semester of 2020, 
i.e., 01-01-2020, 01-02-2020, 01-03-2020, 01-04-2020, 01-05-2020 and 01-06-2020 with reanalysis 
every hour. ERA5 reanalysis data are used to interpolate different atmospheric variables (zonal and 
meridional wind components, and the temperature) between two given time instants. 

We reconstruct the above-mentioned values at t=6, t=12, t=18 hours using different timescales for the 
fames employed in the interpolation ±1 hour, ±2 hours, ±3 hours, ±4 hours, ±5 hours and ±6 hours, 
resulting then in a windows size (win_size) of 2, 4, 6, 8, 10 and 12 hours. We repeat this for all the days, 
pressure levels, grid points, and temporal ranges. 
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The results show in Figure 7, where some trends can be readily identified: 1) both the mean error and 
the interquartile length grows and it does the window size in the interpolation, which is something 
expected; 2) the Mean Absolute Error (MAE), Root Mean Square (RMS) error and maximum error are 
presented being the optical flow values systematically smaller than linear interpolation ones. 

 

Figure 7: Wind and temperature errors linear and optical flow comparison  
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2.3 Optical flow in the weather product used in the project 

In this Section, we illustrate how the optical flow interpolation technique can be indeed used to 
interpolate all the weather products to be used in FMP-Met, namely: ECMWF EPS, COSMO EPS, and 
the nowcast (refer to [1] for more details on this products). 

As these products come in raw format with a given temporal resolution (1h in both ECMWF EPS and 
COSMO EPS; 15 min in the nowcast), the idea is to use optimal flow to find the atmospheric values at 
any desired intermediate time. In Figure 8, for example, we illustrate how two frames at t0 and t0 + 1 

hour can be interpolated to obtain values at t0 + , t0 +2, etc. In the case of the EPS, =15 min., whereas 

in the case of the nowcast, =5 min. 

 

Figure 8: Example of optical flow 
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2.3.1 Optical flow interpolation of the nowcast 

In Figure 9, we show an example of a nowcast product as the one we are using in FMP-Met. The 
forecast is for 27/07/2019 at 15.00 (frame 1 at top-left, provided as raw information) and at 15.15 
(frame 2 at bottom-right, provided as raw information). We interpolate the values for times 15.05 (top-
right) and 15.10 (bottom-right). 

 

  

  

Figure 9: Example of Nowcast interpolated using optical flow 
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2.3.2 Optical flow interpolation of the ECMWF EPS 

Similarly, in Figure 10 and in Figure 11 we show how optical flow can successfully be used to interpolate 
any of the variables in the ECMWF EPS forecasts (in this case we illustrate it with the zonal wind 
component, “u”, in  Figure 10, and with the convective exposure in Figure 11). Again, we use the 
forecast of 27/07/2019 at 15.00 and 16.00 (in this case, raw data have a temporal resolution of 1h) to 
obtain interpolated values every 15 min, i.e., at 15.15, 15.30 and 15.45. 

 

  

  

 

Figure 10: Example of ECMWF variable interpolated using optical flow 
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Figure 11: Convective field interpolated using optical flow 
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2.3.3 Optical flow interpolation of the COSMO EPS 

As a last example, we show in Figure 12 how the meridional wind component (and, in general, any 
variable) of the Limited Area Model (LAM) COSMO product can be also interpolated. Again, we use the 
forecast of 27/07/2019 at 15.00 and 16.00 (in this case, raw data have a temporal resolution of 1h) to 
obtain interpolated values every 15 min, i.e., at 15.15, 15.30 and 15.45. 

Figure 12: Example of COSMO variable interpolated using optical flow 
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2.4 Meteorological Interpolation Toolbox for Optimization and 
Simulation (METINTOS) library 

The METINTOS library is an open-source library that has been exclusively developed within FMP-Met’s 
Task 4.1. It contains all the optical flow functionalities described in Section 2 of this Deliverable, 
including the capabilities to interpolate the described weather products (and eventually others). It is a 
python-based library hosted on GitHub under the following directory: 

https://github.com/javiergarciaheras/metintos. 

A detailed description can be checked on the website, including documentation. Some additional 
information has been included as an appendix to the document in Appendix A - METINTOS Library. 

 

Figure 13: METINTOS library on GitHub 

https://github.com/javiergarciaheras/metintos
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3 Short-Term Trajectory Prediction 

In FMP-Met three sources of uncertainty are considered in trajectory prediction: 

 the meteorological uncertainty linked to the future location of the convective cells (inherent 
to the forecast process);  

 the uncertainty in the initial condition, caused either by the uncertainty in the take-off time or 
by the uncertainty in the trajectory generated by a previously applied trajectory predictor; and  

 the operational uncertainty linked to the storm avoidance strategy, as dictated by the topology 
of the field of storm cells. 

The main challenge in trajectory prediction under adverse weather, in a time horizon of 1 hour, is the 
determination of the lateral manoeuvres performed by the aircraft to avoid the storm cells. Trajectory 
prediction in this short look-ahead time is mainly based on storm avoidance tools.  

In this project, the short-term trajectory prediction relies on pSAT and SAT, storm avoidance tools 
developed by USE. These tools were initially developed in PSA-Met, a project funded by SESAR Engage 
Knowledge Transfer Network [24]. They have been enhanced in FMP-Met with new features such as, 
for example, wind and temperature effects, three dimensional trajectories and information about 
cloud top height (CTH). Notice that the short-term trajectory prediction is not exclusive of these tools, 
other tools that follow a similar probabilistic approach can be also considered. 

Next, the methodology for the short-term trajectory prediction is described. 

3.1 Overview 

A general view of the probabilistic short-term trajectory predictor is shown in Figure 14. In this 
approach, pSAT (probabilistic Storm Avoidance Tool) and SAT (deterministic Storm Avoidance Tool), 
are used sequentially.  

First, pSAT receives as input a reference trajectory (with given initial condition), an ensemble nowcast 
(which includes the cloud-top height information, which is deterministic), a given value of risk level, 
and a wind and temperature forecast. The reference trajectory starts at the current position of the 
aircraft and describes the future intentions of the flight as known by the ATC system, including 
waypoints and cruise level. The ensemble nowcast presents the characteristics described in 
Deliverable 3.1 [1], and it has been interpolated according to the optical flow procedure described in 
Section 2. It corresponds to the latest released nowcast. The nowcast is first pre-processed to identify 
the storm cells, which is done for each ensemble member and time step. The storm cells are identified 
by 1) converting the convective rain rate into radar reflectivity using the Marshall-Palmer relationship 
and 2) considering a reflectivity threshold of 38 dBz. The risk level is an adjustable parameter intended 
to characterize the avoidance strategy. The wind and temperature forecast is deterministic, since 
uncertainties in these variables are marginal in a time horizon of 1 hour. This deterministic forecast is 
obtained as the average of the ECMWF-EPS members (COSMO-D2-EPS is not considered because its 
coverage area is smaller than nowcast’s; on the other hand, ECMWF-EPS has a global coverage). The 
latest released ECMWF-EPS, interpolated according to the procedure described in Section 2, is 
considered.  
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The output of pSAT is a unique avoidance route (called Probabilistic Avoidance Route), which takes 
into account the avoidance strategy that corresponds to the given risk level value and serves as a 
revised reference trajectory. 

 

Figure 14: Combined two-stage approach to perform trajectory prediction for short look-ahead times, for a 
given risk level and a given initial condition 

 

Second, when the aircraft follows the revised reference trajectory, still some storm cells might be 
encountered for some of the nowcast ensemble members, which of course must be avoided. Hence, 
after the application of pSAT, an ensemble-based application of SAT (ensemble SAT) is performed. That 
is, the deterministic storm avoidance tool is applied several times, to the different members of the 
ensemble nowcast, to obtain an ensemble of predicted trajectories that accounts for the 
meteorological uncertainty.  

Finally, repeating this process for a set of values of the risk level and a set of initial conditions (that is, 
a set of reference trajectories), we end up deriving a final set of ensembles of predicted trajectories, 
which accounts not only for weather uncertainty but also for operational uncertainty and uncertainty 
in the initial condition.  

The number of different predicted trajectories for one flight is R x C x M, where R is the number of 
considered risk levels, C is the number of initial conditions for that flight, and M is the number of 
members of the ensemble nowcast. The number of risk levels and nowcast members is the same for 
all flights, but the number of initial conditions can be different; consequently, the number of predicted 
trajectories can also be different among the flights.  

The risk level, initial condition, and nowcast member that lead to each predicted trajectory are 
identified and provided along with each predicted trajectory. These properties will be required by the 
probabilistic sector demand, capacity, and complexity algorithms to be developed in WPs 5 and 6.  

Next, the pSAT tool, which relies on the deterministic version SAT, is described in Section 3.2. The SAT 
tool is described in Section 3.3.  
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3.2 Probabilistic Storm Avoidance Tool 

A high-level conceptual description of pSAT is sketched in Figure 15. This tool comprises four sequential 
steps for a given risk level and a given initial condition. 

The first step is to produce hazardous weather regions by extending every storm cell with a safety 
margin, which is done for each ensemble member and time-step of the probabilistic nowcast. The 
added safety margin is 13.5 NM. The used pair of reflectivity threshold-safety margin values (38 dBz 
and 13.5 NM) are the representative values provided by DeLaura and Evans in [25]. Once the cells are 
enlarged, appropriate filtering is applied to merge intersecting regions and remove regions inside other 
regions. 

 

Figure 15: pSAT block diagram, for a given risk level and a given initial condition 

Then, pSAT computes the probability that a given location be affected by adverse weather at a given 
nowcast sampling time, which is called risk in this project. The obtained spatial risk distribution is 
referred to as risk field. To obtain the risk field for each nowcast sampling time, an airspace tessellation 
is assumed so that it is divided into tiles, which are defined by a given grid (in this project, this grid 
presents the same resolution as the nowcast). Then, the risk field at a given grid tile and sampling time 
is computed as the percentage of ensemble members forecasting that grid tile being covered by a 
hazardous weather region. For instance, a 40% risk at a given grid tile and for a nowcast sampling time 
means that this tile is expected to be covered by a hazardous weather region in 40% of the ensemble 
members of the probabilistic nowcast at that nowcast sampling time. 

Afterwards, pSAT proceeds to obtain the risk field isolines that correspond to the given risk level value. 
The risk level is a user-selectable parameter introduced in pSAT to control the modelling of the no-fly 
regions to capture the different avoidance strategies that can be adopted when facing uncertain 
weather hazards. The risk level is taken as the maximum admissible risk in the avoidance strategy; 
hence, it ranges from 0% (accounting for the most conservative avoidance strategy) to 100% 



D4.1 TRAJECTORY PREDICTION UNDER ADVERSE WEATHER SCENARIOS  

 

  

 

 

 33 
 

 

 

(accounting for the riskiest avoidance strategy). Therefore, the areas where the risk field is higher than 
or equal to the specified risk level are to be taken as no-fly regions, and the boundaries of these areas 
are defined by the risk field isolines that correspond to the selected risk level. Note that there is one 
risk field per nowcast sampling time; accordingly, pSAT computes a possibly different set of no-fly 
regions for each nowcast sampling time, leading to a time-evolving description of the no-fly regions. 
Also note that each region is characterized by a single CTH value, which, as a conservative approach, 
is the maximum of the CTH values found inside the region. 

Finally, as a fourth step, once the set of no-fly regions has been obtained from the given probabilistic 
nowcast, the given initial condition and the specified risk level, SAT is applied to obtain the 
corresponding avoidance route, which circumvents the encountered no-fly regions and reattaches to 
the given reference trajectory. This probabilistic avoidance route is a unique planned route to avoid 
the storm cells for the given risk level. Again, as an example, the avoidance route for risk level 40% is 
such that the probability that each point of the route be inside an enlarged storm cell is equal or lower 
than 40%. It is important to remark that pSAT also provides an estimation of the flight times along the 
route. 

As already mentioned, the previous methodology is finally applied to the different values of risk level 
and initial conditions. 

The risk level has an important effect on the resulting avoidance route. The choice of a high-risk level 
is equivalent to deciding to deviate very little from the reference trajectory, what in principle could 
seem to be beneficial, but requires facing the eventual incursions into storm cells tactically. Conversely, 
choosing a small enough risk level allows to prevent the avoidance trajectory from zigzagging around 
the storm cells and from getting into narrow corridors between pairs of them. However, on one hand, 
a small risk level reduces the airspace permeability and, on the other hand, leads to proactively solving 
contingencies that might not even happen, increasing the deviation from the reference trajectory. 
Therefore, by using different values of the risk level, one obtains different avoidance strategies, which 
underreact or overreact to the weather hazard information. 

The set of risk level values used in the predictions needs to accurately characterize the real operational 
uncertainty; therefore, some sort of calibration is needed. In this project, the risk values are selected 
by comparing with realistic simulations performed with NAVSIM/USBGSim. This characterization 
process is described in Section 5.2. 

With respect to the initial condition, depending on the position (inside or outside the nowcast’s 
coverage area) and the status (airborne or on ground) of the flight at the prediction time, a flight may 
present some uncertainty in the initial condition. When this uncertainty is present, an ensemble-based 
approach is used, which leads to an ensemble of reference trajectories, each trajectory corresponding 
to a different initial condition. For example, if the flight is airborne and inside the nowcast’s coverage 
area, its initial position is unique and given by the surveillance systems (e.g., radar surveillance) and, 
therefore, there is no uncertainty in the initial condition and the reference trajectory is also unique. 
On the other hand, if the aircraft is on ground, the take-off time is uncertain, and is represented by an 
ensemble of possible take-off times; hence, an ensemble of reference trajectories is given, each 
reference trajectory corresponding to a different take-off time. Hence, the trajectory prediction 
process is applied to each one of the reference trajectories and, in this way, the uncertainty in the 
initial condition is propagated into the predicted trajectories. The uncertainty in the take-off time is 
described in Section 5.1. 
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3.3 Storm Avoidance Tool 

A high-level description of SAT is sketched in Figure 16. This tool is inspired by the trajectory planner 
presented by Mothes in [26]. The inputs are:  

 A reference trajectory, which includes the aircraft’s initial position, velocity and time, and the 
planned route and cruise level. This reference trajectory can be either the original reference 
trajectory (when SAT is used inside pSAT) or the probabilistic avoidance route generated by 
pSAT (when used as ensemble SAT). 

 Deterministic wind and temperature fields. 

 No-fly regions to be avoided for different lead times. These no-fly regions can be either the 
risk field isolines generated inside pSAT (when SAT is used inside pSAT) or the storm cells 
provided by one of the members of the ensemble nowcast (when used as ensemble SAT). In 
this latter case, the storm cells are pre-processed: they are extended with a safety margin of 
13.5 NM (the same value used in pSAT) and a single CTH value is determined for each extended 
cell, which is the maximum of the CTH values of the original cell (i.e., without the extension). 
If after enlarging the cells some of them are merged, the CTH value of the new region is the 
area-weighted CTH of the original cells. 

The output is an avoidance trajectory which avoids the no-fly-regions encountered along the reference 
trajectory by circumventing them. Regions with a CTH value at least 5000 ft below the trajectory are 
simply overflown (5000 ft is the recommended margin to overfly storms6). Speed and altitude 
manoeuvres are not considered, only lateral deviations are applied.  

SAT is able to compute three-dimensional trajectories, from take-off to arrival. The true airspeeds, and 
rates of climb and descent are obtained from BADA 3.12 considering air temperature deviations (see 
Appendix B – Aircraft Dynamics). Other BADA versions can be easily integrated as well. 

 

                                                           

 

6 https://www.skybrary.aero/index.php/Weather_Radar:_Storm_Avoidance 
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Figure 16: High-level description of SAT 

SAT follows an iterative approach to deal with the temporal evolution of the atmosphere and of the 
three-dimensional position and velocity of the aircraft. Starting from the initial condition, the following 
main steps are executed: 1) construction of a spatio-temporal no-fly-regions map, 2) determination of 
deviation points, and 3) calculation of a deviation manoeuvre. The result is a first avoidance trajectory. 
Then, the aircraft is virtually moved some minutes into the future along this avoidance trajectory; its 
position, ground speed and vertical speed are updated. With these updated magnitudes the previous 
three steps are repeated and the avoidance trajectory is corrected from the updated position onwards. 
This process is repeated until the aircraft arrives at the destination. The avoidance trajectory returned 
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by SAT is the trajectory followed by the aircraft. If SAT is used as ensemble SAT, this trajectory is 
trimmed to comply with the termination criteria described in Section 6. 

Next, each one of the previous steps is described. A schematic example is included for a better 
understanding. 

3.3.1 Construction of a spatio-temporal no-fly-regions map 

Both the flight and the no-fly regions evolve over time. To know if a trajectory is affected by the no-fly 
regions, the future positions of the aircraft need to be compared with the contemporaneous no-fly 
regions. For this purpose, a spatio-temporal map is constructed, where the presence of a no-fly region 
at a specific location is determined for the specific time, the aircraft arrives at that location. In this 
project, this map is constructed as follows. 

We start from the aircraft’s position, groundspeed, and vertical speed. In the first iteration, these 
magnitudes are obtained from the initial condition; in the following iterations, they are obtained after 
virtually moving the aircraft. In Figure 17, a 2-dimensional representation is given. The initial position 
is represented by a black square, and the thin black line represents the upcoming trajectory which 
corresponds to the reference trajectory in the first iteration, and to the last determined avoidance 
trajectory in the next iterations.  

 

Figure 17: SAT: estimated time of arrival to each geographical point 

Next, the airspace is gridded, with the same resolution than the nowcast. Assuming rhumb lines, 
constant speeds and instantaneous turns, the time required to arrive to each geographic location and 
the altitude reached at that location are calculated. In Figure 17, isochronous lines are shown, which 
correspond to the different lead times the no-fly regions are provided; they are not circumferences 
because of the presence of wind.  

An example of the horizontal evolution of a no-fly region, for different lead times, is shown in Figure 
18. Its position, shape, and top height are considered to remain constant between two consecutive 
lead times. 

For each geographical location, it is checked 1) if at the flight’s arrival time to that location there exists 
a no-fly region, and 2) if the flight altitude is less than the CTH plus 5000 ft. If both conditions are true, 
then that location belongs to a no-fly region in the spatio-temporal map. An example is shown in Figure 
19, which represents the composition of the situations presented in the two previous figures. The 
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upcoming trajectory crosses the no-fly regions of this map; therefore, an avoidance manoeuvre is 
required. 

When SAT is used as ensemble SAT, the spatio-temporal map is limited to 160 NM from the aircraft’s 
position, which is a typical range for an airborne weather radar [27]. When SAT is used inside pSAT, 
this limitation is not imposed, as the goal there is to establish an avoidance strategy for the whole 
flight. 

 

Figure 18: SAT: no-fly region at different time instants 

 

Figure 19: SAT: spatio-temporal no-fly-region map 

Finally, notice that the construction of the spatio-temporal map considers the movement and 
evolution of the storm, since its changes in position, shape and size are incorporated into the map. 
Therefore, if the storm is leaving an area, it becomes available for the aircraft to be crossed; and if the 
storm is moving towards an area, it becomes unavailable and needs to be avoided.  

3.3.2 Determination of deviation points 

If the upcoming trajectory does cross the spatio-temporal no-fly regions, then an avoidance 
manoeuvre is computed. This deviation starts 40 NM minus the safety margin (i.e., 26.5 NM) before 
the first intersection between the upcoming trajectory and the no-fly regions and reattaches to the 
reference trajectory 40 NM minus the safety margin after the last intersection. In this way, we comply 
with the usual practice and recommendation of considering a minimum distance of 40 NM from a 
threatening convective cloud to initiate the avoidance manoeuvre [27]. 
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The starting-deviation point and the reattachment point are marked as blue triangles in Figure 20. 

 

Figure 20: SAT: determination of deviation points 

3.3.3 Calculation of the deviation manoeuvre 

The problem of determining the deviation manoeuvre is divided into two simpler sub-problems: 

1) Constructing a visibility graph. The nodes of the graph correspond to the starting-deviation 
point, the reattachment point, and the vertices of the spatio-temporal no-fly regions; the 
edges represent direct connections between the nodes that do not cross the spatio-
temporal no-fly regions. 

2) Applying Dijkstra’s algorithm to the previous graph to find the shortest path between the 
deviation point and the reattachment point. This is the deviation manoeuvre (marked in 
blue in Figure 21). 

 

Figure 21: SAT: deviation manoeuvre 

When obtaining the deviation manoeuvre the maximum course change at each turn is limited to 
90 degrees. If this condition cannot be met, then the troubling node is removed from the visibility 
graph, or the starting-deviation point is advanced 5 NM, or the reattachment point is delayed 5 NM, 
and then Dijkstra’s algorithm is applied again. If no manoeuvre is found after the previous measures, 
then the course-change limit is increased by 5 degrees and the process is repeated. 

3.3.4 Virtual movement of the aircraft 

Once the deviation manoeuvre is determined, the aircraft is virtually moved some minutes into the 
future, see Figure 22, coinciding with the next lead time of the interpolated nowcast (i.e. five minutes, 
except for the first iteration, which depends on the time of the initial condition).  

The computation of the future’s aircraft position is made considering the wind field provided by the 
forecast, using BADA’s performance model (assuming the reference mass of the aircraft and 
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considering the forecasted deviation of the air temperature from the standard atmosphere), and 
assuming a bank angle of 30 degrees when turning. 

 

Figure 22: SAT: virtual movement of the aircraft 

The steps described in the previous sections are repeated until the aircraft reaches its destination. 
Once the destination is reached, the iterative process is stopped. The avoidance trajectory is then the 
trajectory followed by the aircraft. 

3.3.5 Trajectory trimming 

The unified framework for trajectory prediction described in Section 6 defines stopping conditions for 
the trajectory predictors (in the form of transition events and termination criteria) to organize the 
transitions between them and to discard those parts of the trajectory that are not of interest for the 
analyses in FMP-Met. Therefore, when SAT is used as ensemble SAT, the trajectory needs to be 
trimmed to comply with these stopping conditions.  

The stopping conditions that affect the short-term trajectory predictor are: 

- reaching the maximum look-ahead time for short-term trajectory prediction, i.e., 1 hour; 
- exiting the Austrian airspace; 
- exiting the COSMO-D2-EPS coverage area; and 
- leaving the upper airspace. 

All these conditions are simultaneously checked on the resulting trajectory. The condition that 
happens first trims the trajectory. 

First computing the whole trajectory and then trimming it has the main advantage of retaining the 
effects of no-fly regions beyond the stopping event. For example, the presence of no-fly regions 
outside the Austrian airspace may cause the flight to deviate while it is still inside that airspace. With 
this approach, these deviations are retained. 
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4 Long-Term Trajectory Prediction 

 

4.1 Overview 

For the trajectory segments not covered by the short-term trajectory predictor, we need to build a 
trajectory prediction method to produce probabilistic forecasts of the aircraft’s progress along its flight 
path. Thus, we have built a Parallel Probabilistic Trajectory Predictor (PPTP) to propagate uncertainties 
from 1h to 8 hours look-ahead time, following a given Flight Plan. The PPTP propagates two types of 
uncertainties: uncertainty on the initial conditions (coming from trajectories calculated in Task 4.2) 
and MET uncertainties due to: 

 winds,  

 temperature variations, and  

 exposure to convection.  

The main aim of this system is to produce a set of trajectories that characterizes the distribution of 
uncertainty across different scenarios. The PPTP performs this task by integrating the flight plan under 
multiple weather and delay scenarios in parallel, using general-purpose programming on Graphics 
Processor Units (GPGPU) techniques. 

 

Figure 23: Methodological Diagram of the PPTT 
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4.2 Parallel Probabilistic Trajectory Predictor (PPTP) 

4.2.1 Aircraft dynamics 

As commonly done in Air Traffic Management applications, we work with a point-mass model 
of the motion of the aircraft, where the aerodynamic and propulsive models are provided by an Aircraft 
Performance Model such as BADA. Additional information is provided in Appendix B – Aircraft 
Dynamics. 

4.2.2 Numerical method 

Given a flight plan F, describing the route and the altitude / airspeed schedule, a set of initial conditions 
for time and mass, and a member of an ensemble forecast (Wi), we can perform a trajectory 
integration process to compute the final mass and time, as well as the mass and time at any 
intermediate waypoints. To do that, we discretize every airway segment of the route into an 
equispaced grid of geographical points. Then, the resulting grid is employed to integrate the equations 
of motion through Heun’s method, a second-order predictor corrector scheme.  

The PPTP is implemented using GPGPU techniques. Therefore, the same equations of motion can be 
integrated in a large number of different scenarios at negligible additional computation cost, since 
these trajectories will be integrated in parallel. The PPTP can employ two nested levels of scenario 
parallelism: 

1. In member-specific parallelism, each trajectory or group of trajectories is integrated using 
different ensemble members, allowing us to characterize the uncertainty due to weather 
forecast uncertainty. Different temperature realizations lead to different translations of the 
Mach number into true airspeed; more importantly, stronger, or weaker winds produce 
different groundspeeds, which leads to growing dispersion in the times and masses at specific 
waypoints. 

2. In event-specific parallelism, we can draw multiple realizations of the delay events model 
(DEM, see Section 4.2.4) for each ensemble member. Alternatively, a single realization of the 
DEM can be performed for each member. 

4.2.3 GPU infrastructure 

By leveraging the computational power of general-purpose computing on graphics processing units 
(GPUs), it is possible to quickly simulate multiple flight options under multiple scenarios. For our 
purpose, it is useful since a large number of scenarios arise from the integration of ensemble-based 
uncertainty characterization. Using this technology, it is possible to group similar computations and 
perform them at the same time, thus reducing the runtime of the simulation. 

While CPUs rely on speculative execution, large cache sizes and fast arithmetic logic units (ALU) for 
numerical calculations, GPU relies more on slower device DRAM memory and slower clock speeds; 
however, by employing a large number of ALU units executing the same instruction simultaneously, it 
is possible to perform multiple operations in parallel and thus outperform a CPU for certain types of 
computational workloads. All in all, for repetitive processes, GPUs are computationally more efficient 
than CPUs. Figure 24 provides a diagrammatic representation. 



D4.1 TRAJECTORY PREDICTION UNDER ADVERSE WEATHER SCENARIOS  

 

  

 

 

 42 
 

 

 

We launch the simulations on a consumer-grade NVIDIA 1060 GTX graphics card, a device featuring 
1280 CUDA cores at a clock speed of 1.6 GHz; we perform the calculations on single-precision.  

All in all, this setup allows to compute in parallel 500.000 trajectories per second. 

  

Figure 24: Diagrammatic representation of GPU vs. CPU computing 

4.2.4 Delay Event Model (DEM) 

In this section, we present the formulation of a model for the delay events. The integration of these 
events is modelled with a Compound Poisson Process (CPP) along the route. In this model, temporal 
delay events arrive at a rate λ (measured in number of events per nautical mile flown). Each delay 
event resolution represents an increment (or decrement) in flight time at the corresponding point in 
the route; these increments are modelled as independent random variables that follow a distribution 
that is dependent on the state of the aircraft at that point. They represent unplanned modifications of 
the route, such as small or large deviations due to convective weather avoidance procedures, conflict 
deviations, “direct-to” shortcuts granted by Air Traffic Control. For the current application, we will 
model these delays as normal variables, with mean μ and standard deviation σ. 

 

Figure 25: Compound Poisson Process along the route 

We will set the rate according to the resolution of the integration step, in a manner such that any 
individual integration steps contain no more than one delay event with a probability higher than 99%; 
in this manner, we can approximate the exact compound Poisson process with a straightforward 
numerical strategy. Then, we can set the remaining parameters (the mean μ and the standard 
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deviation σ) with an empirical strategy, based on matching the overall mean of variance of a trajectory 
subject to this model with a target mean m and variance S2. If a flight plan has a length of d (in terms 
of distance), then the expected number of event E(N) is λ·d and the mean and variance of the total 
delay of the trajectory is given by the corresponding compound Poisson distribution formulas: 

meanCPP = E(N)·μ = λ·d·μ 

varianceCPP = E(N)·(μ2 + σ2) = λ·d·(μ2 + σ2) 

Through the statistical analysis in Section 4.2.5.1, we will predict the mean and variance of a given 
flight. Then, the corresponding delay event parameters are given by matching these values with the 
mean and variance of the compound Poisson process model: 

𝜇=𝑚/𝜆𝑑  

and 

 σ = √((S^2  )/λd −  μ^2 ) 

4.2.5 Delay due to convection 

The uncertainty in the location of the convective areas (which defines the probability of having 
convection for long look-ahead times) has been incorporated into the PPTP. To consider the exposure 
to these convective areas, its relationship with the associated flight time uncertainty has been 
investigated. We have compared predicted trajectories (regulated trajectories, as denoted in DDR2) 
with realised trajectories (actual trajectories, as denoted in DDR2) over two different experiments. 

We first have proceed identifying relationships from a statistical fitting that compares delays 
(considered as the difference between the regulated and the actual flight duration) with exposure to 
convection in a given dataset (different in the two experiments we have conducted). The output of this 
analysis is a functional relation between the exposure to convection (in flown kilometres through areas 
with potential convective conditions) and the predictability of the flight (in terms of delay).  

Then, to improve the results, we have applied a machine learning algorithm (specifically, Neural 
Networks) to find patterns in the data. We have looked to obtain a similar output: a functional relation 
between the exposure to convection (in flown kilometres through areas with potential convective 
conditions) and the predictability of the flight (in terms of delay). However, results obtained with this 
second approach do not support any conclusive claim in terms of existence of a pattern relationship 
between delay and exposure to convection. 

Convective indicators 

Convective indicators describe the necessary precondition for the potential development of 
convection and an indicator which comprises the essential activator in order to develop a storm which 
has to be avoided by aircraft. This was done and reported in TBO-Met project by using a combination 
of two convection indicators, “Total Totals Index” and “Convective Precipitation”, which are available 
by the EPSs. When both indicators exceed certain thresholds for a high number of EPS members, the 
grid point is assumed to lie within the zone of high probability (low uncertainty) of convection. If only 
one criterion is fulfilled for a high number of EPS members, the grid point is in a region of convective 
uncertainty. The boundary of uncertainty areas will delimit convective regions.  
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Convective regions are perceived as areas with a high weather risk, the latter given by always occurring 
unpredictable individual storms. Convective regions, therefore, must not necessarily be avoided but 
require a higher weather situation awareness by pilots and controllers. Also, trajectories passing 
through a convective area are subject to diversions resulting in increased flight duration and delays. 
Thus, the intersection of a trajectory with a convective region does not imply, as already said above, 
that the whole area must be circumnavigated, but rather that delays should be expected. The 
dimension of the latter depends, among other factors, on the type of storms embedded in the 
convective area, density of cells, their orientation, the size of gaps separating the storms and the time 
of onset.  

Characterizing those delays due to convective exposure is the aim of what follows in this Section, for 
which we have conducted an experiment (Section 4.2.5.1). In order to compute exposure to 
convection, we compute the value of the convection indicator at trajectory samples at a frequency of 
one minute; this produces directly a vector whose features can be used by the machine learning 
approach; additionally, we compute the equivalent distance flown in convection (EDFC), measured as 
the distance flown along the route weighted by the convective indicator at every point; finally we 
compute the ratio between the EDFC and the total distance flown along the route. 

4.2.5.1 Data set in the experiment 

In the experiment, with the aim at isolating potential cross effects that could be affecting the delay 
(e.g., ATCO advisories, lack of adherence to the flight plan, etc.), we took all the flights from June 2018 
and filtered in only those that suffered a regulation due to weather in the en-route phase of flight. 

Rationale behind the selection of June 2018 

To identify bad weather days in the European network, data from the Post Operational Airspace 
Environmental Dataset files provided by Eurocontrol were used. These files contain a summary of all 
the events in the European airspace for every 28-day AIRAC cycle. The files contain all the data 
necessary to describe the status of the European airspace, parameters include sector geometry, 
configuration, and opening schemes, air routes, waypoints, etc. In this analysis, we will focus on the 
regulation information available for 2018. 

It is important to note that in this exercise we are using the number of regulations that became active 
on a given day as a proxy for impact on the network. It is acknowledged that this is a gross 
simplification, since not all regulations will have the same impact on the network. The location, rate 
reduction and time duration are important factors that need to be considered in determining the true 
impact on the network. However, for the purpose of identifying days where weather had a major 
impact on the network, taking the number of regulations as a proxy is sufficient.  
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Figure 26: Number of weather regulations in Europe in 2018 by month 

From the bar chart above we can see that most weather regulations in 2018 occurred in the months 5 
- 8 (May - August) of 2018. As expected, weather has a greater impact on the network during the 
summer months of the year. We can analyse the data to identify specific days where weather caused 
the greatest number of regulations. 

The top twenty days in 2018 with the most weather regulations are provided in the tables below. We 
can see that these days are contained by the last week of May (May 24 - May 31), one week in June 
(June 6 - Jun 10) and a handful of days in July (4th ,15th and 27th - 28th) and August (1st, 7th and 9th). 
This supports the hypothesis of summer thunderstorms having an impact on European ATC.  To define 
a case study, we propose then to focus on the month of June 2018. 

  

Table 1: Top 20 days with weather regulations in Europe in 2018 

 
 

Rank Date # of Weather Regs 

1 2018-08-09 198 

2 2018-05-31 177 

3 2018-05-29 162 

4 2018-07-27 158 

5 2018-06-07 157 

6 2018-06-09 151 

7 2018-06-01 145 

8 2018-05-27 134 

9 2018-05-28 133 

10 2018-06-08 130 

 
 

Rank Date # of Weather Regs 

11 2018-08-07 130 

12 2018-08-01 127 

13 2018-06-10 123 

14 2018-08-08 119 

15 2018-08-23 118 

16 2018-07-04 112 

17 2018-07-28 111 

18 2018-05-30 110 

19 2018-05-24 108 

20 2018-07-15 108 
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Summary of the data 

In summary, we would have: 

• Flights in June 2018. 
• Considering all the regulated flights due to weather with every waypoint over longitudes (-20, 

25) and latitudes (25, 60): results in 52241 flights. 
 
As already mentioned in the Overview of the chapter: 
 

• We calculate the exposure to convection as exposed in Section 0 (and references therein). 
• We calculate delay as: Actual Flight Plan – Regulated Flight plans. 

 
In Figure 27 we can see a flight, including the lateral profile (left); the vertical profile (up-right) and the 
exposure to convection as a function of time (down-right). The convection is shown as a color map 
together with the lateral profile (left). Note that we have defined 1 waypoint per minute of flight and 
then we calculate the probability of convection at each of those point and aggregate. 

 

Figure 27: Example of Convection calculation 

Analysis of the data 

After postprocessing and analysing the data, we scatter in Figure 28 the information with a filter in +-
25 minutes of delay and an aggregated exposure to convection of 130 (measured as the sum of 
probabilities along the route). Looking at Figure 29, one can see that the delays follow a quasi-normal 
distribution. 

We fit a normal distribution with average μ=0 and σ=6.7 min. These are the values we use in the Delay 
Event Model described in Section 4.2.4. 
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Figure 28: delay vs. convection scatter plot  

 

Figure 29:  Histogram of delays (in minutes) 
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4.2.6 Example 1 

We present herein an example with the following characteristics: 

• A320 BADA3 model 
• Madrid to Berlin flight 
• 3D equations of motion 
• Climbing CAS/Mach phase with Step Climb 
• Structured airspace 
• Uncertainty on Winds and Temperature (EPS) 
• Take-off to last point of the standard arrival procedure 
• Non-exposure to convection and no initial time uncertainty. 

 
In Figure 30 we show the Standard Instrumental Departure (SID) and the complete lateral route. In 
Figure 31 we show the vertical and the speed profile and in Figure 32 the temporal dispersion due to 
uncertainties in winds and temperature along the waypoints of the route. 
 

 
 

Figure 30: PPTP Example 1- SID (left) and complete route (right) 
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Figure 31: PPTP Example 1 - Vertical and Speed profiles 

 

Figure 32: PPTP Example 1 - Temporal dispersion along the route 
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4.2.7 Example 2 

We present herein an example with the following characteristics: 

• A380 BADA3 model 
• Portion of a New York to Abu Dhabi flight 
• Horizontal flight 
• Structured airspace 
• Uncertainty on Winds and Temperature (EPS) 
• Exposure to convection 
• No initial time uncertainty. 

 
In Figure 33, we show the complete lateral route from WP1 to WP18. In the same figure, we show the 
exposure to convection as a probability (yellow indicates a probability close to 1 of finding convection, 
whereas the purple indicates a probability close to 0 of finding convection). in  Figure 34, we show the 
temporal dispersion due to uncertainties in winds and temperature and convective exposure along the 
waypoints of the route.  
 
Looking at both figures, it can be observed how the uncertainty in the first 7 waypoints of the route 
(i.e., those with scarce exposure to convection) is rather small, of an order of magnitude of 1 minutes. 
On the contrary, starting at waypoint #8, one can observe how the uncertainty grows to orders of 
magnitude of 10 minutes. This is indeed due to the Delay Event Model (DEM) we have presented in 
Section 4.2.5 with the mean and standard deviation as characterized in Section 4.2.5.1. 
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Figure 33: PPTP Example 2 - flight path and exposure to convection 

 

Figure 34: PPTP Example 2 - Time dispersion over the waypoints of the route 
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5 Uncertainty Characterization 

As already indicated, in FMP-Met three sources of uncertainty are considered in trajectory prediction:  

 the meteorological uncertainty linked to the future location of the convective cells,  

 the uncertainty in the initial conditions, and 

 the operational uncertainty linked to the storm avoidance strategy.  

In this section the uncertainty in the take-off time and the operational uncertainty are characterized 
(the meteorological uncertainty is described in deliverable D3.1 [1]). 

5.1 Take-off time uncertainty 

In this subsection the uncertainty in the take-off time, uncertainty that affects the prediction if at the 
prediction time the flight is on ground, is analysed. 

The take-off time 𝑇𝑇𝑂 is considered to be given by a nominal value (filed in the Flight Plan (FP)), which 
can be seen as an estimated take-off time (𝐸𝑇𝑂𝑇) plus a random variable (𝛥𝑇𝑂𝑇) representing the 
deviation with respect to it, that is, the difference between the actual take-off time (𝐴𝑇𝑂𝑇) and the 
𝐸𝑇𝑂𝑇: 

𝐴𝑇𝑂𝑇 = 𝐸𝑇𝑂𝑇 + 𝛥𝑇𝑂𝑇 

An ensemble-based approach is proposed, so that a set of possible values for the deviation of the take-
off time are considered. Note that these values are to be chosen so as to accurately characterize the 
uncertainty in the departure time. 

Recently, researchers from EUROCONTROL have performed a study on how to improve take-off time 
predictions by applying an explainable machine learning approach (see [28]). They considered, as a 
baseline, the predictions computed by the Enhanced Traffic Flow Management System (ETFMS) and 
improved them using a machine learning model based on historical data. Their approach allows for 
enhanced predictions of the take-off time of individual flights form a set of suitable features and 
extends previous studies so that the predictions are no longer limited to be performed one hour before 
the time that the flight is scheduled to depart. To perform their research, they collected and processed 
a huge dataset containing the error Δ𝑇𝑂𝑇 being committed by the ETFMS when estimating the take-
off time of flights crossing the airspace of Maastricht Upper Area Control Centre (MUAC). 

These researchers have been approached by the University of Seville and they have agreed upon 
sharing the statistical characterization of the take-off time deviation. They have provided the 
cumulative distribution function of the take-off time error, discretized every 5%, as well as the 
minimum, maximum, mean value, and standard deviation value (for the sake of completeness). In fact, 
the whole dataset is disaggregated into eight categories according to the time to the estimated off-
block time (𝐸𝑂𝐵𝑇), leading not to a single distribution, but to a set of distributions (or, equivalently, a 
set of percentiles). This allows for a more accurate modelling of the uncertainty in the take-off time; 
in fact, as expected, the sooner the departure (i.e., the closer to the 𝐸𝑂𝐵𝑇) the smaller the spread in 
the take-off time error. The table containing the percentiles of the take-off time error, from the 5th to 
the 95th, every 5% probability, is included in Appendix E. 
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From the statistical characterization of the take-off time, a set of representative values for the 
deviation of the take-off time must be extracted, since an ensemble-based approach is to be 
considered. As a compromise between accuracy and computational effort, the number of ensemble 
members has been set to ten. To obtain their values, a transformation from a continuous probability 
distribution to a categorical probability distribution has been applied. In particular, the take-off time 
error Δ𝑇𝑂𝑇 has been divided into ten subintervals or categories, which are bounded by the minimum 
value, the percentiles from 10th to 90th every 10% probability, and the maximum value:  

{[𝑧𝑚𝑖𝑛, 𝑧10%], [𝑧10%, 𝑧20%],… , [𝑧90%, 𝑧𝑚𝑎𝑥]} 

Then, for each category, a representative value has been chosen, namely the median of the interval. 
These are the percentiles of the take-off time error, from the 5th to the 95th, every 10% probability: 

z5%, z15%, z25%, z35%, z45%, z55%, z65%, z75%, z85%, z95% 

Note that, as the categories defined are equally likely, the set of ensemble members are also 
considered to be equally likely. The table below contains the ensemble members of the take-off time 
deviations obtained according to the procedure just explained. From this table, the set of possible 
values for the take-off time of a particular flight can be obtained by applying the following formula: 

𝑇𝑇𝑂,𝑖 = �̅�𝑇𝑂 + 𝑥𝑖(𝐸𝑂𝐵𝑇) 

where 𝑇𝑇𝑂,𝑖 is the i-th ensemble member of the take-off time, �̅�𝑇𝑂 is the nominal take-off time (the 
one stated in the flight plan), and 𝑥𝑖(𝐸𝑂𝐵𝑇) is the i-th ensemble member of the take-off time deviation 
for the given time to 𝐸𝑂𝐵𝑇 for the flight considered. 

Table 2: Ensemble of take-off time deviations [min] 

Time to 
EOBT [min] 

x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 

(0, 15] -11,99 -5,30 -3,00 -1,00 0,01 2,00 4,99 8,00 14,00 32,99 

(15, 30] -13,63 -6,99 -4,00 -1,99 0,99 3,01 6,01 10,01 17,69 38,00 

(30, 60] -15,21 -7,99 -4,73 -2,00 0,01 3,00 6,01 10,99 18,99 40,98 

(60, 90] -17,00 -8,98 -5,00 -2,43 0,01 3,00 6,78 11,51 20,00 43,99 

(90, 120] -17,88 -9,00 -5,00 -2,03 0,03 3,01 7,00 12,00 20,00 43,01 

(120, 180] -38,81 -12,97 -7,01 -3,36 -0,05 2,99 6,99 12,61 21,99 48,03 

(180, 240] -63,53 -16,22 -8,15 -4,04 -0,98 2,96 7,01 13,02 23,08 52,00 

(240, 360] -51,80 -11,12 -6,05 -2,98 0,02 3,10 7,48 13,10 23,83 52,10 

 

An issue may arise, however, when evaluating the expression above for flights with a time to 𝐸𝑂𝐵𝑇 
less than 15 minutes. If the time to 𝐸𝑂𝐵𝑇 is sufficiently small, then some of the take-off time ensemble 
members can be negative, what would imply that there is a chance that the flight is already airborne. 
This makes no sense as, by the time the prediction is being made, the aircraft is known to be on ground. 
To overcome this issue, we propose to eliminate the negative take-off time ensemble members, 
leading to a reduced number of them, which will still be equally likely by assumption. 
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5.2 Operational uncertainty 

In this task, for simplicity, we have not considered uncertainty in the initial conditions, so that for each 
flight there is a unique reference trajectory. In this way, we focus on the operational uncertainty which 
is to be characterized. 

5.2.1 Methodology 

According to the proposal, the risk level values are chosen through a model fitting process so as to 
accurately characterize the operational uncertainty; this has been done by performing realistic 
simulations with NAVSIM/USBGSim. 

Avoidance trajectories obtained for different risk level values (provided by pSAT and SAT) have been 
compared with trajectories simulated by NAVSIM in an artificial traffic scenario. This relies on the 
assumption that the trajectories simulated by NAVSIM are a good approximation to the reality, as 
NAVSIM is a well-proven simulator, so they can be considered as the real trajectories for the sake of 
comparison. 

The task is based on the fast-time simulation of a scenario. The scenario (described below in Section 
1.4.2) corresponds to a real storm situation and comprises a set of synthetic flights that pass through 
the region affected by the storm. For each flight, one has the following trajectories: 

 Original reference trajectory: Planned trajectory the aircraft agreed to fly before encountering 
the storm.  

 NAVSIM executed trajectory 𝑗 (𝑗 = 1,… ,𝑚): Trajectory simulated by NAVSIM when the 
aircraft is to execute the original reference trajectory, but it faces the nowcast member 𝑗. In 
this trajectory, the aircraft deviates to circumvent the storm cells of the nowcast member 𝑗 
and reattaches to the original reference trajectory. This is the best available approximation to 
the real operation that a pilot would perform under the weather nowcasted by the nowcast 
member 𝑗. 

 Revised reference trajectory 𝑖 (𝑖 = 1,… , 𝑛): Planned route generated using pSAT and the 
ensemble nowcast, plus its corresponding flight times, which avoids the no-fly regions 
obtained for the risk-level value  𝑟𝑖 and reattaches to the original reference trajectory. 

 Avoidance trajectory 𝑖, 𝑗: Trajectory computed by SAT when the aircraft is to execute the 
revised reference trajectory 𝑖 but it faces the nowcast member 𝑗. In this trajectory, the aircraft 
deviates to circumvent the storm cells of the nowcast member 𝑗 and reattaches to the revised 
reference trajectory 𝑖. 

The simulation process is as follows. 

 The scenario starts at a given time; at that time, the positions of all the aircraft, their original 
reference trajectories, and the probabilistic storm forecasts for the next 1 hour are known. 

 First, for each flight, NAVSIM is applied with the original reference trajectory and each nowcast 
member 𝑗 to provide the NAVSIM executed trajectory 𝑗. This is to be repeated for all the 
nowcast members, leading to an ensemble of NAVSIM executed trajectories. Moreover, these 
computations have to be performed for all the flights considered.  

 Second, let {𝑟1, 𝑟2, …, 𝑟𝑛} be a set of 𝑛 risk level values (e.g.: 10 %, 30 %, 50 %, 70 %, and 90 %). 
For each flight and each risk level value 𝑟𝑖, pSAT is applied with the corresponding original 
reference trajectory and the nowcast ensemble to provide the revised reference trajectory 𝑖. 
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Then, SAT is applied with the revised reference trajectory 𝑖 and the nowcast member 𝑗 to 
provide the avoidance trajectory 𝑖, 𝑗; this is repeated for all the nowcast members and risk 
level values. The same computations are performed for all the flights considered. 

Once all the simulations are performed, then the obtained paths and flight times are analysed. The 
analysis of the results is as follows: 

 The avoidance trajectory 𝑖, 𝑗 and the executed trajectory 𝑗 are compared using an appropriate 
metric, which gives a scalar value 𝑀𝑖𝑗. This scalar value is averaged among all the nowcast 

members, leading to 𝑀𝑖, which corresponds to the risk level value 𝑟𝑖. The points (𝑟𝑖, 𝑀𝑖) 
constitute a discretization of 𝑀 as a function of the risk level value; from this approximation, 
the risk level value that minimizes 𝑀 (best-fitting risk level value) is obtained for each flight: 

𝑟min = 𝑟𝑖𝑚𝑖𝑛     with    𝑖𝑚𝑖𝑛 = argmin𝑖
𝑀𝑖 

 Then, if the risk level value is seen as a discrete random variable, the probability of the risk 
level value being 𝑟𝑖 can be estimated as the relative frequency of 𝑖𝑚𝑖𝑛 = 𝑖, which will be 
referred to as 𝑝𝑖. 

 As the risk level value is a continuous variable, the discrete set of probabilities 𝑝𝑖  has to be 
subsequently translated into a continuous cumulative distribution function. To do so, the 
interval [0 %, 100 %] (where the risk level value lives) is divided into 𝑛 subintervals (or 

categories) 𝐼𝑖 = [𝐼𝑖
𝑙 , 𝐼𝑖
𝑢]; the central point of the i-th subinterval 𝐼𝑖 is the risk level value 𝑟𝑖. 

Therefore, the risk level value falling within 𝐼𝑖 can be seen as the continuous counterpart of 
the risk level value being 𝑟𝑖, so its probability can be estimated as the relative frequency of 
𝑖𝑚𝑖𝑛 = 𝑖, i.e., 𝑝𝑖: 

𝑃(𝐼𝑖
𝑙 ≤ 𝑟 ≤ 𝐼𝑖

𝑢) = 𝑝𝑖  
This information is used to construct a piece-wise linear approximation to the continuous 
cumulative distribution function. 

 Finally, from the estimated piece-wise linear cumulative distribution function, a set of 
representative risk level values is drawn so as to characterize the operational uncertainty 
following an ensemble-based approach. This is done by applying the same approach as for 
generating the ensemble of take-off time deviations: discretizing in probability to have a set 
of equally likely categories and selecting the median of each interval as representative values. 
It can be shown that this procedure leads to the following ensemble members �̂�𝑖 for the risk 
level value: 

�̂�𝑖:   𝑃(𝑟 ≤ �̂�𝑖) =
1

2𝑛
+
𝑖 − 1

𝑛
    for 𝑖 = 1,… , 𝑛 

5.2.2 Scalar metric to compare trajectories 

In FMP-Met, the deviation between the avoidance trajectory 𝑖, 𝑗 and the executed trajectory 𝑗 is 
quantified by the integral of the square of the normalized orthodromic distance between aircraft 
positions at the same time instant, which is given as follows: 

𝑀𝑖,𝑗 =
1

𝑇𝑖,𝑗
∫ [

𝑑𝑖𝑠𝑡 (𝑠𝑗
𝑜(𝑡), 𝑠𝑖,𝑗(𝑡))

𝐷
]

2

𝑑𝑡
𝑇𝑖,𝑗

0

 

Here, 𝑠𝑗
𝑜(𝑡) is the aircraft position vector at the time instant 𝑡 predicted by the executed trajectory 𝑗;  

𝑠𝑖,𝑗(𝑡) is the aircraft position vector at the time instant 𝑡 predicted by the avoidance trajectory 𝑖, 𝑗; 

𝑑𝑖𝑠𝑡(�⃗⃗�, �⃗�) is the orthodromic (or great-circle) distance between positions �⃗⃗� and �⃗�; 𝐷 is a reference 
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distance, obtained as the loxodromic distance between the initial and the final points corresponding 
to the original reference trajectory; and 𝑇𝑖,𝑗 is the time horizon for the comparison, which is defined 

as the minimum value between the time to reach the final point along the avoidance trajectory 𝑖, 𝑗, 
namely 𝑡max, 𝑖,𝑗, and the time to reach the final point along the executed trajectory 𝑗, namely 𝑡max,𝑗

𝑜 . 

5.2.3 Simulation scenario 

Meteorological data  

The scenario corresponds to a real storm episode that took place over the Alps (roughly speaking) on 
27th July 2019. The nowcast prediction time is 15:00, and the initial time for all trajectories is 15:15 
(as the nowcast is not assumed to be available until then).  

AEMET has provided the meteorological information, namely, the ensemble nowcasts for 27th July 
2019. Then, the meteorological information has been properly processed. The first processing is a 
temporal interpolation of the whole dataset, for the nowcasts to provide information every five 
minutes (instead of every 15 minutes). The second processing is the extraction of weather polygons 
defining the storm cells, the hazardous weather regions, and the risk field isolines in a 3-hour subset 
(from 13:30 to 16:30). To do so, first, a radar reflectivity threshold of 38dBZ was taken to identify the 
storm cells; second, the storms cells were enlarged with a safety margin of 13.5 NM (around 25 km) to 
obtain the hazardous weather regions; and third, five different risk level values were considered to 
extract the risk field isolines: 10%, 30%, 50%, 70%, and 90%. Note that the nowcast meteorological 
information also includes the corresponding CTH data. 

Although the concept of probabilistic avoidance routes allows for the consideration of arbitrary wind 
and temperature fields, for simplicity, the international standard atmosphere with no wind is assumed 
for the simulations. 

Traffic  

One thousand flights are considered in the scenario. The flights are generated to have a very active 
scenario in terms of storm avoidance: each original reference trajectory is devised to interact with at 
least one forecasted storm cell. The original reference trajectories are randomly generated according 
to the following criteria: 

 The initial location and course of each flight are such that every aircraft is initially located 15 
minutes before the first encounter with a no-fly region corresponding to the 1% risk isoline.  

 The original reference trajectories are flown at constant course, constant airspeed, and 
constant flight level. Typical values will be chosen in accordance with the aircraft types 
considered. 

 The time to the final point along the original reference trajectories is 50 minutes, and this point 
is outside the 1% risk isoline. 

 All original reference trajectories lie within the coverage area of the ensemble nowcast.  

5.2.4 Results 

As already indicated, the first step in the analysis of the results once the simulations have been 
performed is the computation of the averaged metric 𝑀𝑖 corresponding to the risk level value 𝑟𝑖 for all 
the risk level values and for all flights. This result is depicted in Figure 35 below. It is important to note 
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that, to discard outliers, the top 5% flights with the largest values in the minimum of the metric among 
the different risk levels considered (i.e., min

𝑖
𝑀𝑖) have been filtered out.   

 

 

Then, the risk level value that minimizes 𝑀 (best-fitting risk level value) is obtained for each flight; the 
relative frequencies of 𝑖𝑚𝑖𝑛 = 𝑖 (referred to as 𝑝𝑖) for each of the risk level values considered are 
included in Table 3. 

Table 3: Relative frequency of each risk level being the best-fitting risk level 

p1 p2 p3 p4 p5 

0,0326 0,1726 0,2105 0,2179 0,3663 

 

Afterwards, a continuous cumulative distribution function 𝐹(𝑟) is estimated. The risk level values 
{10%, 30%, 50%, 70%, 90%} can be seen as the values of the subintervals [0%, 20%], [20%, 40%], 
[40%, 60%], [60%, 80%], and [80%, 100%]. Hence, one has 

𝑃(0% ≤ 𝑟 ≤ 20%) = 𝑝1     
𝑦𝑖𝑒𝑙𝑑𝑠
→    𝐹(20%) = 𝑝1 

𝑃(20% ≤ 𝑟 ≤ 40%) = 𝑝2   
𝑦𝑖𝑒𝑙𝑑𝑠
→    𝐹(40%) = 𝑝1 + 𝑝2 

𝑃(40% ≤ 𝑟 ≤ 60%) = 𝑝3   
𝑦𝑖𝑒𝑙𝑑𝑠
→    𝐹(60%) = 𝑝1 + 𝑝2 + 𝑝3 

𝑃(60% ≤ 𝑟 ≤ 80%) = 𝑝4   
𝑦𝑖𝑒𝑙𝑑𝑠
→    𝐹(80%) = 𝑝1 + 𝑝2 + 𝑝3 + 𝑝4 

𝑃(80% ≤ 𝑟 ≤ 100%) = 𝑝5
𝑦𝑖𝑒𝑙𝑑𝑠
→    𝐹(100%) = 𝑝1 + 𝑝2 + 𝑝3 + 𝑝4 + 𝑝5 = 1 

Figure 35: 𝑴𝒊 for all the risk levels and for all flights 



D4.1 TRAJECTORY PREDICTION UNDER ADVERSE WEATHER SCENARIOS  

 

  

 

 

 58 
 

 

 

as well as 𝐹(0%) = 0, because the range in the risk level value begins at 0%. All this information can 
be put together to make a piece-wise linear approximation to 𝐹(𝑟), which is depicted in red in Figure 
36. Note that the cumulative distribution function of a uniform distribution is also included (in black) 
for the sake of comparison. 

 

 

Finally, according to the methodology devised, the representative values are given as follows: 

{
 
 

 
 
�̂�1 = 𝐹

−1(0.1) = 28%

�̂�2 = 𝐹
−1(0.3) = 49%

�̂�3 = 𝐹
−1(0.5) = 68%

�̂�4 = 𝐹
−1(0.7) = 84%

�̂�5 = 𝐹
−1(0.9) = 95%

 

These risk level values (also depicted as black asterisks in Figure 36) are the ensemble members to be 
considered in order to characterize the operational uncertainty in the rest of the work packages in 
FMP-Met.  

Figure 36: Estimated cumulative distribution function 𝑭(𝒓) 
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6 Unified Framework for Trajectory 
Prediction 

6.1 Overview 

For the application to realistic air traffic scenarios, the definition of a unified framework for trajectory 
prediction subject to different sources of uncertainty must be addressed. This framework is needed to 
perform the demand and capacity analyses in the following WPs. It will combine both trajectory 
prediction methodologies so as to provide an integrated procedure to propagate the trajectory of a 
flight from the prediction time 𝑇𝑃 up to a final time 𝑇𝐹 (either the prediction horizon time 𝑇𝑃+8h or 
the time from which the trajectory becomes irrelevant for the purposes of the project, as explained in 
subsection 6.3). 

To do so, the position at 𝑇𝑃 (provided by the surveillance system if the aircraft is airborne) and the 
Flight Plan FP (provided by the Network Manager) are assumed to be known, including the clearances 
provided by ATC for airborne flights. The aircraft status will also be known, i.e., whether the aircraft is 
already airborne at 𝑇𝑃 or still on ground. 

To properly define a unified framework for trajectory prediction subject to different sources of 
uncertainty, two research questions have been identified: 

 How to perform a sequential trajectory prediction (TP), that is, how to transition from a 
trajectory prediction methodology to another one. 

 What will be the particular sequence of TP methodologies to be applied to a given flight, that 
is, when to transition from a TP methodology to another one for a given flight. 

The answers to these two research questions are addressed in the following subsections. 

6.2 How to transition from a trajectory prediction methodology to 
another one 

For the sequential trajectory prediction, a greedy approach would not be feasible due to the 
combinatorial growth of the ensemble of trajectories. In fact, assuming 50 ensemble members for the 
EPS-based TP with ECMWF-EPS, 75 ensemble members for the Nowcast-based TP (5 risk levels by 15 
nowcasts ensemble members), and 20 ensemble members for the EPS-based TP with COSMO-D2-EPS, 
an exhaustive exploration of all the possible combinations could lead to an ensemble of trajectories 
with 75000 members for a single flight outside Europe and airborne (which could be an issue form the 
point of view of the computational effort). Moreover, for flights still on ground, the number of 
members would be even higher because one also must consider the ensemble members of the 
departure time, leading to around 750000 trajectory instances for just a single flight. 

Therefore, a propagating and clustering approach is proposed in this project. This means that, when a 
transition from a TP methodology to another one is identified (see the following section), the final 
conditions of the trajectories predicted are reduced to a smaller set with a fixed size (for instance, 10). 
This set of representative final conditions will play the role of an ensemble of initial conditions for the 
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application of the next TP methodology. For instance, Nowcast-based TP will lead to an ensemble of 
750 trajectories (10 initial conditions, 5 risk level values, and 15 nowcast members), whereas EPS-
based TP will lead to an ensemble of either 500 trajectories (with ECMWF-EPS) or 200 trajectories (with 
COSMO-D2-EPS). 

A consequence of this propagating and clustering approach is that there is a need for the different 
trajectory prediction methodologies to be able to handle an ensemble of initial conditions. This 
requirement has been considered in the development of the TP methodologies. 

As already mentioned, after each run of a TP methodology, a statistical post-processing of the final 
conditions of all the trajectories will be performed to extract a small set of representative initial 
conditions for the TP methodology to be used immediately after. To do so a clustering methodology is 
applied. There are several well-known and highly popular clustering methodologies, such as K-means 
clustering, mean-shift clustering, density-based spatial clustering of applications with noise, and 
expectation-maximization clustering using Gaussian mixture models, among others. Nevertheless, 
they do not allow to constrain the size of each cluster. This is an important feature in FMP-Met project, 
because we wanted to extract an ensemble of initial conditions that are equally likely. Hence, the 
constrained K-means clustering methodology [29] has been selected. 

Given a set of 𝑚 points in ℝ𝑛, the K-means clustering obtains 𝑘 cluster centers 𝐶1, 𝐶2, … , 𝐶𝑘 ∈ ℝ
𝑛 such 

that the sum of the squared Euclidian distance between each point 𝑥𝑖 and its assigned cluster center 
𝐶ℎ𝑖 is minimized [29]: 

min
𝐶1,…,𝐶𝑘

∑ min
ℎ𝑖=1,…,𝑘

(
1

2
‖𝑥𝑖 − 𝐶ℎ𝑖‖

2
)

𝑚

𝑖=1

 

This problem can be solved with a two-step algorithm: 

 Assignment step: For a given approximation to the cluster centres 𝐶1
[𝑗]
, 𝐶2
[𝑗]
, … , 𝐶𝑘

[𝑗]
, assign 

each point 𝑥𝑖 to the cluster ℎ𝑖 such that  𝐶ℎ𝑖
[𝑗]

 is closest to 𝑥𝑖. 

 Cluster update: For a given assignment, compute 𝐶ℎ
[𝑗+1]

, that is, the update to the 

approximation to the ℎ-th cluster center as the mean over all points assigned to the cluster ℎ. 

These two steps are repeated until all cluster centres remain unaltered after a complete cycle. 

The constrained K-means clustering modifies the assignment step by introducing a lower-bound 
constraint on the size of each cluster. Hence, instead of simply assigning each point to the cluster with 
the closest cluster centre, a binary linear programming problem is formulated. However, the authors 
have found that the constrained assignment problem is equivalent to a minimum-cost-flow linear 
network optimization problem, what allows one to solve it through a more computationally efficient 
solver [29] 

In FMP-Met, a MATLAB implementation of this methodology has been developed. The size of the 
cluster has been constrained to be equal and the number of clusters has been set to 10. An example 
of application of K-means clustering to a random cloud of 3D points is depicted in Figure 37. The 
original points are depicted in different colours depending on the cluster they belong. The centres of 
the clusters are depicted in black. One can see that the algorithm can somehow maximize the inter-
cluster distances, while minimizing the sum of intra-cluster distances. 
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6.3 When to transition from a trajectory prediction methodology to 
another one 

To determine the sequence of TP methodologies to be applied to a given flight, the key principle is to 
use, at each time and location, the best meteorological forecast product available. An ensemble 
Nowcast is preferred over an EPS, and a local-area EPS is preferred over a global EPS. Hence, whenever 
the ensemble Nowcast is available, the Nowcast-based trajectory prediction (TP) methodology will be 
applied; if it is not, an ensemble-based TP methodology will be applied, preferably based on COSMO-
D2-EPS (if possible). Therefore, the sequence of TP methodologies will follow from the sequence of 
the best forecast product available. The latter will depend both on the flight considered and the 
spatiotemporal coverage of the different meteorological products. 

As per the flights considered, the scope of this unified framework for trajectory prediction will be those 
flights of interest to the FMP. In FMP-Met, we consider the Austrian airspace as the Area of Interest 
(AoI) of the FMP. However, the flights considered will be not only those crossing the AoI but an 
enlarged area with an additional buffer around it. The aim of adding this buffer is to consider in the 
demand analyses in the following WPs those flights that may not be planned to cross the AoI but are 
predicted to do it due to the adverse weather that they will encounter. In Figure 38, the AoI is depicted 
in blue, and the enlarged areas with extra buffers of 50 NM and 100 NM are depicted in red; the 
Austrian border is also shown in black as a reference. Note that, to obtain the enlarged areas not only 
a buffer has been added to the AoI, but also a convex hull operation has been performed, leading to 
more simple polygons.     

 

Figure 37: Example of application of K-means clustering 
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As per the meteorological products, the ensemble Nowcast has been obtained by applying the STEPS 
technique to deterministic data, as already explained in deliverable D3.1 [1]. The deterministic data 
was obtained from data fusion of OPERA radar composite data and SAF data; in Figure 39, an example 
of OPERA composite radar data is shown. SAF data was mainly added to have information about the 
cloud top height (CTH), which is a valuable piece of information in Nowcasts. Furthermore, the 
convective rainfall rate provided by SAF would allow to extend the Nowcast coverage area as 
compared to the OPERA radar composite, but at the cost of a smaller spatial resolution in the 
appended area. Hence, in FMP-Met we have considered a simplified region for Nowcast-based TP, 
obtained as the convex hull of the contiguous coverage area of the OPERA radar composite. This leads 
to the region enclosed by the red polygon depicted in Figure 40; the boundaries of the COSMO-D2-EPS 
coverage area, the AoI, and the enlarged areas are also included for completeness (in blue, solid black, 
and dashed black, respectively). Note that, subsequently, the area in which a Nowcast-based TP is to 
be applied will be referred to as Nowcast coverage area, although being aware that this is a simplified 
region. 

Figure 38: Area of Interest (AoI) of the FMP (in blue), enlarged areas (in 
red) with 50 and 100 NM, and Austrian border (in black) 
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Figure 39: OPERA radar composite, 12 UTC 27th July 2019 

Figure 40: Boundaries: Nowcast-based trajectory prediction (in red); 
COSMO-D2-EPS (in blue); AoI (in solid black); 

and enlarged areas (in dashed black) 
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As the ensemble Nowcast availability depends on both space and time, the following classification of 
flights is devised. First, according to the position at 𝑇𝑃, flights can be either inside the airspace with 
available Nowcasts or outside that airspace; these cases will be subsequently referred to as inside 
Europe and outside Europe, what is a reasonable terminology in view of the Nowcast coverage area 
shown before. Second, flights are also classified depending on whether the aircraft is already airborne 
at 𝑇𝑃 or still on ground. According to these two criteria, any flight of a real traffic scenario belongs to 
one of the following four categories: 

1. Inside Europe and on ground. A trajectory in this category must have a first ensemble member 
of the take-off time (𝑇𝑇𝑂,1) less than 𝑇𝑃+1h; otherwise, it would be treated as if it were outside 
Europe.   

2. Inside Europe and airborne. 
3. Outside Europe and on ground. A trajectory in this category must have a first ensemble 

member of the take-off time (𝑇𝑇𝑂,1) less than 𝑇𝑃+8h; otherwise, it would not be analysed. 

4. Outside Europe and airborne. 

The sequence of TP methodologies to be applied can be obtained from applying an appropriate 
decision tree. The decision tree for flights inside Europe is shown in Figure 41, whereas the decision 
tree for flights outside Europe is shown in Figure 42. 

In both figures, TP methodologies are represented as blocks whereas transitions between TP 
methodologies are represented as connecting lines. Note that we have distinguished between 
ECMWF-EPS-based TP and COSMO-D2-EPS-based TP because, although they rely on the same TP 
methodology, they use a different meteorological product. Transitions are triggered by transition 
events, namely, reaching either a space boundary or a time instant. Transition events are indicated 
above the connecting lines in both figures. When additional conditions must also apply for a transition 
to take place, these are included in parentheses as well. 

 

  

Figure 41: Decision tree for flights inside Europe 
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Figure 42: Decision tree for flights outside Europe 

Furthermore, a set of termination criteria have been defined; if one of these events takes place, the 
execution of the current TP methodology stops and no further TP methodology is applied, as the rest 
of the trajectory is useless for the FMP. The first termination criterion is exiting the Austrian airspace, 
also called, the Area of Interest (AoI) of the FMP; recall that the boundary of the AoI was depicted in 
Figure 40 (in black). The second termination criterion is exiting the COSMO-D2-EPS coverage area, 
whose boundary was also depicted in Figure 40 (in blue). Since these two regions can not only be left 
horizontally but also vertically, a third termination criterion is defined: leaving the upper airspace. 
Finally, the fourth termination criterion is defined as reaching the maximum look-ahead time for 
trajectory prediction, i.e., reaching  𝑡 = 𝑇𝑃 + 8ℎ. 

 



D4.1 TRAJECTORY PREDICTION UNDER ADVERSE WEATHER SCENARIOS  

 

  

 

 

 66 
 

 

 

7 Examples 

We have selected two use cases that capture the complexity and variability of the different situations 
we can face in FMP-Met when solving the cases to feed WP5, WP6, and WP7. 

The two flights selected are: 

 LFPG to LORP (Paris-Bucharest), callsign AFR1888, A320 (see Figure 43). 

 KJFK to OMAA (New York-Abu Dhabi), callsign ETD102, A388 (see Figure 44). 

 

 

Figure 43:  LFPG to LORP (Paris-Bucharest), callsign AFR1888, A320 

 

 

Figure 44: KJFK to OMAA (New York-Abu Dhabi), callsign ETD102, A388 
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7.1 Description of LFPG to LORP 

This example is based on a LFPG to LORP (Paris-Bucharest) on 27/07/2019, callsign AFR1888, with an 
A320. It corresponds to the Category “Inside Europe and on ground” (see Section 6.3). Since LFPG 
airport is within the COSMO’s coverage area, see Figure 45, it is a case in which we will find two legs, 
namely: 

 Leg 1: Short-Term TP with the nowcast EPS product (1 hour as stop criteria, see Figure 41). 

 Leg 2: Long-term TP with the COSMO EPS product (exit of Austrian airspace as stop criteria). 

 

Figure 45: Coverage regions (COSMO -blue- and Nowcast -red-) 

7.2 Results of LFPG to LORP 

7.2.1 LFPG to LORP Leg-1: Short-term TP 

The short-term TP (refer to Section 3) is applied to propagate the following uncertainties:  

 the meteorological uncertainty linked to the future location of the convective cells 
(inherent to the forecast process);  

 the uncertainty in the initial condition, caused either by the uncertainty in the take-off 
time or by the uncertainty in the trajectory generated by a previously applied trajectory 
predictor; and  

 the operational uncertainty linked to the storm avoidance strategy, as dictated by the 
topology of the field of storm cells. 

This results in an ensemble of propagated trajectories composed by 750 individual trajectories (see 
Figure 46). In this Figure, which provides a snapshoot after 1h of computations, it can be observed the 
variability in positions due to both the initial condition and the encounter and avoidance of the 
thunderstorms. These ensemble of 750 trajectories is thereafter clustered into 10 clusters as 
illustrated in Figure 47. 
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Figure 46: Predicted trajectories using the short-term TP (Leg 1: LFPG to LORP) 

 

Figure 47: Clustered trajectories using the short-term TP (Leg 1: LFPG to LORP) 
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7.2.2 LFPG to LORP Leg-2: Long-term TP using COSMO 

The long-term TP (refer to Section 4) is applied to propagate the following uncertainties:  

 Uncertainties in the initial conditions (as provided in Leg 1 after the clustering). 

 Uncertainties derived from the wind and temperature conditions as in COSMO EPS. 

 Uncertainties derived from the exposure to convective risk as in COSMO EPS. 

The resulting flight paths are illustrated in Figure 48 (left), where it can be observed how the resulting 
trajectories from leg 1 are re-attached to the scheduled path (red-dotted path, labelled “Eurocontrol 
Trajectory”, since it is the one retrieved from Eurocontrol DDR2 archive). The propagation stops once 
the flight exists the Austrian airspace. Precisely at the exit of the Austrian airspace, we present the 
temporal dispersion expected for LFPG to LORP at that point (see Figure 48, right). It can be seen in 
this figure a rather large uncertainty in Estimated Overfly Times: some of the predictions indicate 
delays of 30 minutes, while other indicate flights that may arrive ahead of schedule by 10 min. This is 
the type of information that will be used to characterize uncertainties in the loading of the sectors in 
WP5 of FMP-Met.  

  

Figure 48: LFPG to LORP flight path (left) and Temporal dispersion (right) 
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7.3 Description of KJFK to OMAA 

This example is based on a KJFK to OMAA (New York – Abu Dhabi) on 27/07/2019, callsign ETD102, 
with an A388. It corresponds to the Category “Outside Europe and airborne” (see Section 6.3). Note 
that the prediction starts roughly 15-20 minutes before entering the Nowcast coverage area. It is a 
case in which we will find four legs, namely: 

 Leg 1: Long-term TP with ECMWF EPS product (enter nowcast coverage area as stop criteria) 

 Leg 2: Short-Term TP with the nowcast EPS product (TP + 1 hour as stop criteria). 

 Leg 3: Long-term TP with the ECMWF EPS product (enter of COSMO coverage as stop criteria). 

 Leg 4: Long-term TP with the COSMO EPS product (exit of Austrian airspace as stop criteria). 

7.4 Results of KJFK to OMAA 

7.4.1 KJFK to OMAA Leg-1: Long-term TP using ECMWF 

The long-term TP (refer to Section 4) is applied to propagate the following uncertainties:  

 Uncertainties derived from the wind and temperature conditions as in ECMWF EPS. 

 Uncertainties derived from the exposure to convective risk as in ECMWF EPS. 

Note that in this case (as the flight is already airborne), no initial uncertainties are considered. Note 
also that the exposure to convection in this portion of the flight is neglectable, thus the flight 
uncertainties result only from the wind and temperature conditions as in ECMWF EPS. In Figure 49 we 
show the convective exposure of the flight, there is no such exposure in the North Atlantic near to the 
West of the British Islands. 

 

 
Figure 49: Exposure to convection of KJFK-OMAA 
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The resulting flight paths are illustrated in Figure 50 (left), which are stopped when they entered the 
nowcast coverage area. We provide the temporal variability at 4 waypoints of the route (Figure 50, 
right, up). This variability is of the order of ten seconds, way lower than the one presented in the LFPG 
to LORP case, in which the variability was dominated by the take-off time uncertainty and the 
avoidance of thunderstorms. Last, in Figure 50 (right, bottom), we present the uncertainty in the speed 
profiles, both TAS and Mach, which is the cause of the flight time uncertainty. 

 

 

 

Figure 50: KJFK to OMAA Leg 1 (path -left-; time uncertainty -right, up-, speed uncertainties -right, bottom-) 

7.4.2 KJFK to OMAA Leg-2: Short-term TP using Nowcast 

The short-term TP (refer to Section 3) is applied to propagate the following uncertainties:  

 the meteorological uncertainty linked to the future location of the convective cells; 

 the uncertainty in the initial condition, in this case cause by the uncertainty in the 
trajectory generated by leg 1; and 

 the operational uncertainty linked to the storm avoidance strategy. 

The resulting points after clustering are presented in Figure 51. Note that they lay outside the COSMO 
region (north-south line in the figure). 
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Figure 51: KJFK to OMAA leg 2 

7.4.3 KJFK to OMAA Leg-3: Long-term TP using ECMWF 

The long-term TP (refer to Section 4) is now applied using the ECMWF product to propagate the 
trajectories until they cross the COSMO coverage region. Figure 52 right provides a zoom with the path 
(which in this case is rather short). 

  

Figure 52: KJFK to OMAA Leg 3 

7.4.4 KJFK to OMAA Leg-4: Long-term TP using COSMO 

The long-term TP (refer to Section 4) is finally applied to propagate the following uncertainties:  

 Uncertainties in the initial conditions (as provided in Leg 3). 

 Uncertainties derived from the wind and temperature conditions as in COSMO EPS. 
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 Uncertainties derived from the exposure to convective risk as in COSMO EPS. 

The resulting flight paths are illustrated in Figure 53 (left). The propagation stops once the flight exists 
the Austrian airspace. We present the temporal dispersion expected for KJFK to OMAA at that point 
(see Figure 53, right). The uncertainty in the Estimated Overfly Times can be checked, which goes from 
8 min. to 16 min. of delay when compared with the information in the flight plan. 

 

 

Figure 53: KJFK to OMAA Leg 4 

 

 



D4.1 TRAJECTORY PREDICTION UNDER ADVERSE WEATHER SCENARIOS  

 

  

 

 

 74 
 

 

 

8 Conclusions 

In this deliverable we have presented a methodology to predict probabilistic aircraft trajectories using 
multi-scale convective weather information.  

We have shown how to propagate trajectory uncertainties from a given current state up to look-ahead 
times of 8 hours Integrating different MET products and temporal scales. Ensemble-based nowcasts, 
regional coverage EPS forecasts, and global coverage EPS forecasts have been integrated. When it 
comes to temporal scales, different time granularities have been considered, an order of magnitude 
of minutes for the Nowcast, and an order of magnitude of hours for both the regional and the global 
EPS.   

To cover as existing gap in the literature, we have modelled time-evolving weather, which has been 
integrated into the short and long-term trajectory predictors. We have used optical flow techniques, 
which we have shown they behave systematically better than linear interpolation, to compute the 
atmospheric state at any intermediate time between tow given time-steps of the MET forecast (1h in 
high resolution EPS, and 15 min. in nowcasts). As a result, a python-based library coined 
METeorological INterpolation Toolbox for Optimization and Simulation (METINTOS) has been 
developed that can be accessed on an open-source basis. 
 
A short-term trajectory predictor (up to 1h), based on storm avoidance tools developed by USE, has 
been conceived. For one flight, it provides an ensemble of trajectories that laterally avoid the storm 
cells. This ensemble takes into account the MET uncertainty, provided by the probabilistic nowcasts, 
for the operational uncertainty linked to the storm avoidance strategy, and the uncertainty in the take-
off times for those flights that have not yet departed. The number of trajectories in the ensemble is in 
the order of several hundreds. 

When it comes to long look-ahead times (from 1h and up to 8h), we have developed a Parallel 
Probabilistic Trajectory Predictor (PPTP) as long-term TP. The PPTP propagates multiple trajectories 
under different scenarios, namely, the wind/temperature values of the ensemble members of the EPS 
or different initial conditions resulting from the previous evolution of uncertain trajectories obtained 
for short look-ahead times. It does it in parallel through General-Purpose computing on Graphics 
Processing Units (GPGPU). The PPTP also integrates delay uncertainties derived from the exposure of 
the flight to convective areas.  On the latter, after having conducted an experiment with data from 
June 2018, and found that, when exposed to convection, the delay follows a normal distribution with 
expected value 0 and standard deviation equal to 6.7 min. 
 
The uncertainty in the take-off time and the operational uncertainty due to the avoidance of 
thunderstorms has been characterized. From the latter, we have come up with a way of characterizing 
the risk perception of pilots when facing thunderstorms and, thus, being able to characterize a wide 
variety of strategies to safely fly though them in the trajectory prediction process. For the take of time, 
we have done a data analysis (based on data provided by Eurocontrol), comparing the estimated take-
off time and the actual take-off time.  

The last activity described in this deliverable has been devoted to the conceptual definition of a unified 
framework for trajectory prediction. In this way we have defined a series of finite state machine (also 
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in the form of block diagrams) that univocally define which TP (short or long) should be used, with 
which MET product (nowcast, COSMO, or ECMWF), when to move from one to another. 
 
We have selected two use cases to illustrate the successful integration of the two TPs, short and long-
term, using the unified framework herein conceived for trajectory prediction. In all cases, the weather 
information is temporally interpolated using optical flow. As main results, we show how the temporal 
variability in the estimated overly times can be obtained, which can be for instance used to 
characterize the uncertainty in the loading of a given sector. 
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Appendix A - METINTOS Library 

It is a python-based library hosted on GitHub under the following directory 
https://github.com/javiergarciaheras/metintos. At this moment, it has a single branch called master 
and 3 releases, being the last one, the v0.2.1, see Figure 54. Moreover, with the library's motivation of 
being more accessible to the general public, we have incorporated it into the Python Package Index 
(PyPi), a repository of software for the Python programming language, see Figure 55. Because the 
library is on PyPi every user can install METINTOS library through pip command with pip install 
metintos. Once the library is installed to use, you only have to import it or the specific module you 
want to use in your code. 

METITNTOS also has dedicated documentation, which has been developed using Sphynx, and it is 
automatically generated via Read the docs in https://metintos.readthedocs.io/en/latest/, the 
documentation in pdf format can be downloaded through the following link: 
https://metintos.readthedocs.io/_/downloads/en/latest/pdf/. Also, the html version has been 
manually published via GitHub in https://javiergarciaheras.github.io/metintos/ , see Figure 56. 

METINTOS has 2 main sections: Optical Flow, and Input/output. 

The first section to be described is the Input/output, a python file (io.py) with 2 classes: 
DatasetHandler and CoordinateGenerator. This module is the main interface in the library. In the 
DatasetHandler object, we have the xarray dataset with the meteorological information; in this, a 
method is in charge of calling for the optical flow interpolation get_optical_flow_interpolated_dataset. 
The second object CoordinateGenerator is used to set the coordinates of the interpolated dataset 
mainly in latitude, longitude, and step variables. 

In the Optical Flow section, we have in a single python file (optiflow.py) with 4 classes where the logic 
about the optical flow interpolation is programmed: NormalizedWrappedInterpolant, 
TwoFrameInterpolant, MultiFrameInterpolant and FarnebackFlow. In the 
NormalizedWrappedInterpolant it produces a 2D interpolant with natural index coordinates. The 
TwoFrameInterpolant performs optical flow or linear interpolation between two consecutive frames. 
For the MultiFrameInterpolant class an optical flow or linear interpolation between several 
consecutive, equally spaced frames is performed. Finally, the FarnebackFlow produces the Optical flow 
calculator using the algorithm of Farneback (2003). 

https://github.com/javiergarciaheras/metintos
https://metintos.readthedocs.io/en/latest/
https://metintos.readthedocs.io/_/downloads/en/latest/pdf/
https://javiergarciaheras.github.io/metintos/
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Figure 54: METINTOS library on GitHub 
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Figure 55: METINTOS on the Python Package Index (PyPi) 
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Figure 56: METINTOS documentation main page 
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Appendix B – Aircraft Dynamics 

As commonly done in Air Traffic Management applications, we work with a point-mass model 
of the motion of the aircraft, where the aerodynamic and propulsive models are provided by an Aircraft 
Performance Model such as BADA. The assumptions made are the following: 

 Turn dynamics can be neglected in this context, which implies that the bank angle is zero and 
that the heading changes instantaneously when entering a new airway. 

 Path angle adjustment dynamics, likewise, take place at faster timescales than the resolution 
of our integration process. Therefore, the flight path angle can adjust “instantaneously” from 
the point of view of long-term dynamics. 

With these assumptions, the equations of motion that we will integrate are the following: 

 

The state vector is composed by, in respective order, latitude, longitude, altitude, true airspeed and 
mass; the control vector is composed by a coefficient of thrust, the flight path angle, and the heading. 
RM and RN represent the Earth’s ellipsoid radii of curvature in the meridian and the prime vertical, 
respectively, while T and D represent the thrust and drag and wx and wy represent the zonal and 
meridional components of the wind. The Earth’s gravity is denoted by g, while S represents the wetted 
surface of the aircraft and fc is the fuel burn rate. For clarity, we have omitted the functional 
relationships with the atmospheric variables: the temperature T, the pressure P, and the density ρ. 
These atmospheric variables are drawn from an ensemble forecast, according to the region where the 
aircraft is flying (see chapter 5). Each member of the ensemble, therefore, describes a different 
scenario, which results in different trajectories for the same flight plan; we describe the process in 
section 4.2.2. 
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Appendix C – JSON for Trajectory Exchange 

{ 
  "flight_data": { 
    "ac_type": "A388", 
    "RFL": 390, 
    "flight_id": "ETD102", 
    "Eurocontrol_trajectory": { 
      "WP1": { 
        "lat": 40.64027778333333, 
        "lon": -73.77833333333334, 
        "time": "2019-07-27 10:38:00.000" 
      }, 
      "WP2": { 
        [...] 
      }, 
      [...] 
    } 
  }, 
  "reference_trajectory": { 
    "trajectory_1": { 
      "WP1": { 
        "lat": 55.003177, 
        "lon": -16.594461, 
        "TAS": 250.809524449079, 
        "ROCD": 0.0, 
        "FL": 390.0, 
        "time": "2019-07-27 15:15:00.000", 
        "status": "cruise" 
      }, 
      "WP2": { 
        "lat": 55.0, 
        "lon": -15.0 
      }, 
      [...] 
    } 
  }, 
  "predicted_trajectory": { 
    "trajectory_1": { 
      "reference_trajectory": "trajectory_1", 
      "weather_scenario": 1, 
      "risk_level": NaN, 
      "stopping_condition": "nowcast_boundary", 
      "WP1": { 
        "lat": 55.003177642822266, 
        "lon": -16.59446144104004, 
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        "ROCD": 0.0, 
        "TAS": 250.8095245361328, 
        "FL": 390.0, 
        "time": "2019-07-27 15:15:00.000", 
        "CRS": 89.88678528879603, 
        "GS": 260.1162414550781, 
        "status": "cruise" 
      }, 
      "WP2": { 
        [...] 
      }, 
      [...] 
    } 
    "trajectory_2": { 
      "reference_trajectory": "trajectory_1", 
      "weather_scenario": 2, 
      "risk_level": NaN, 
      "stopping_condition": "nowcast_boundary", 
      [...] 
    } 
  } 
} 
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Appendix D – Percentiles of the Take-Off Time Error 

This appendix contains the table extracted from the research in [1] including the percentiles of the take-off time error, from the 5th to the 95th, every 
5% probability, along with the minimum and maximum values, disaggregated according to the time to EOBT. 

 

Table 4: Percentiles of take-off time deviations [min] 

Time to 
EOBT [min] 

zmin z5 z10 z15 z20 z25 z30 z35 z40 z45 z50 z55 z60 z65 z70 z75 z80 z85 z90 z95 zmax 

(0, 15] -1204 -11,99 -7,01 -5,30 -4,00 -3,00 -2,00 -1,00 -0,34 0,01 1,00 2,00 3,00 4,99 6,00 8,00 10,00 14,00 20,00 32,99 2521 

(15, 30] -1024 -13,63 -9,01 -6,99 -5,01 -4,00 -2,99 -1,99 -0,46 0,99 2,00 3,01 4,99 6,01 8,00 10,01 13,01 17,69 24,00 38,00 1441 

(30, 60] -672,8 -15,21 -10,68 -7,99 -5,99 -4,73 -3,02 -2,00 -1,00 0,01 1,98 3,00 4,96 6,01 8,01 10,99 14,00 18,99 25,99 40,98 1441 

(60, 90] -819,9 -17,00 -11,87 -8,98 -6,56 -5,00 3,98 -2,43 -1,01 0,01 1,72 3,00 4,98 6,78 8,99 11,51 15,01 20,00 27,99 43,99 1441 

(90, 120] -979,5 -17,88 -12,00 -9,00 -6,97 -5,00 -3,98 -2,03 -1,00 0,03 1,98 3,01 5,00 7,00 9,00 12,00 15,03 20,00 28,00 43,01 1449 

(120, 180] -982,5 -38,81 -19,01 -12,97 -9,33 -7,01 -5,02 -3,36 -1,99 -0,05 1,04 2,99 4,97 6,99 9,23 12,61 16,36 21,99 30,94 48,03 1519 

(180, 240] -898,7 -63,53 -28,99 -16,22 -11,18 -8,15 -6,03 -4,04 -2,73 -0,98 0,98 2,96 4,97 7,01 9,97 13,02 17,06 23,08 32,98 52,00 2951 

(240, 360] -1052 -51,80 -17,95 -11,12 -8,10 -6,05 -4,50 -2,98 -1,12 0,02 1,92 3,10 5,08 7,48 10,03 13,10 17,90 23,83 33,00 52,10 1448 
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FMP-Met Validation Plan 

 

Contents 

1. Validation context 

2. Validation procedure 

3. Validation results 

 

1. VALIDATION CONTEXT 

What is to be validated? 

This validation plan is intended to validate the probabilistic operational concept developed in FMP-
Met as described in deliverable D2.1. The Concept of Operations presented in this document describes 
how the current system for Flow Management can be improved by integrating data from weather-
aware traffic and capacity forecasts in the Flow Management Position (FMP) procedures. 

The core of the concept is an awareness-based approach to decision support, i.e. to provide additional 
information about uncertainties and raise awareness for possible events, even if of low probability. 
The novelty of the proposal is to integrate uncertainty due to weather, both into traffic forecasts and 
sector capacity values. 

Research question 

The research question addressed in this plan is the following: Can the FMP process be operationally 
improved by integrating probabilistic adverse weather information? 

Note that the FMP process has a time horizon of 8 hours, which requires the use of multi-source, multi-
scale data. Details about the multi-source, multi-scale data can be found in deliverable D4.1.  

This question is of interest to Flow Management Positions. The expected benefit is the improvement 
of the Flow Management process, by improving decision making in traffic flow management under 
convective weather. 

Context of use/application  

The context of use of the concept to be validated is the FMP process under adverse weather 
(thunderstorms), for en-route + TMA traffic, for a time horizon of 8 hours (tactical phase). 

Supporting technical enablers 

The FMP-Met concept to be validated relies on the availability of the following two supporting 
technical enablers: 

• Probabilistic weather forecasts: ensemble nowcasts and limited-area and global Ensemble 

Prediction Systems (EPS). 
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• A probabilistic trajectory predictor, providing 4D trajectories with a measure of uncertainty. 

The concept requires as input probabilistic trajectories and probabilistic weather forecasts, but is 
independent of the way these probabilistic data are generated. Details about how they are generated 
in FMP-Met can be found in deliverables D3.1 and D4.1. Other probabilistic trajectory predictors and 
probabilistic weather forecasts could be used as well. 

Reference scenario 

The reference scenario is the current approach and tools used by FMPs. It will be used as basis of 
comparison to assess the benefits of the operational improvement addressed by the exercise.  

The current approach used by FMPs is described in deliverable D2.1. It basically consists of 1) a FMP 
Monitor window in CIFLO which depicts the planned configuration and the expected difference 
between the demand and capacity, and 2) the expected hourly load of each individual sector. These 
predictions are based on deterministic analyses. 

Validation scenario 
 

To carry out the validation, the usefulness of the FMP-Met concept will be assessed based on use cases 
developed for 3 full days with different thunderstorm activity, namely, 02/06/2018, 12/06/2018 and 
13/06/2018, representing days with medium, high and low MET intensity, respectively. 

The data needed to define the corresponding scenarios are the following: 

Weather data  

 Probabilistic weather forecasts (as described in deliverable D3.1): 

o Nowcasts (generated by AEMET) every 15 minutes from 00:00 to 23:59, interpolated 
every 5 minutes, and processed to obtain the weather polygons. 

o COSMO-D2-EPS data, purchased from Fraunhofer IEE. 

o ECMWF- EPS data, downloaded by AEMET. 

 Weather realizations (reanalysis), provided by AEMET. 

Traffic data 

 Airspace data for the Austrian airspace (LOVV), for the AIRAC cycle 1806, provided by Austro 

Control: 

o ATC sectors, their geometries (lateral and vertical boundaries), and their nominal 
capacities. 

o Sector configurations, and which sectors belong to each configuration. 

 Historic flight data (flight plans) of traffic crossing LOVV on the selected dates, obtained from 

R&D Data Archive. The traffic mix, traffic levels, traffic density and traffic complexity are those 

corresponding to the selected dates. 
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Assumptions  

The main underlying assumption in this validation plan is: 

 The FMPs participating in the exercise are familiar with the scenarios and operational 

concept under evaluation. 

Hypothesis – Success criteria 

The main hypothesis in this validation plan is the following: Probabilistic MET information can be 
integrated into currently-used FMP tools, increasing the situational awareness of the FMP in adverse 
weather conditions. 

The success criterion that corresponds to this hypothesis is the acceptance (positive assessment) by 
FMPs. 

Validation objective 

The validation objective is to mature the concept developed in FMP-Met as described in deliverable 
D2.1. 

In FMP-Met the concept development consists of 2 iterations: one at the beginning of the project 
(already presented in deliverable D2.1), and the other one at the end, after the concept validation. 

 

2. VALIDATION PROCEDURE 

Validation tool 

The validation tool used to validate the FMP-Met concept is the Judgmental technique (expert 
opinion) via questionnaires. The questionnaires will be designed by the FMP-Met consortium; details 
will be known closer to the validation exercise. 

The validation results will be qualitative. The goal is to assess the usefulness of the proposed 
probabilistic concept for FMPs. The emphasis of the exercise will be on FMP’s feedback on added 
uncertainty information. 

The team of experts who will be asked to assess the FMP-Met concept will be composed of FMPs from 
the two ANSP partners: ACG and CCL. 

Validation process 

The validation exercise will consist of a half-day internal meeting with FMPs from ACG and CCL. The 
exercise will have three steps: 

First, the FMPs will be briefed on the Operational Concept developed in FMP-Met. 

Second, the results of the simulations of different case studies will be presented to the FMPs. They will 
be able to compare the current procedure with the new one proposed in the project. More specifically, 
they will be able to analyze the three layers of the proposed approach: 
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• Traffic Volume Analysis View, 

• Traffic Volume Monitor, 

• Sector Configuration Monitor, 

and also particular details of those layers, such as 

• distribution of the expected capacity due to weather at a certain time, 

• distribution of the number of flights for which a STAM could be applied,  

• flight list for the considered traffic volume at a specific time with uncertainty information 

on individual flights (e.g. distribution of entry/exit time, probability to be available for 

STAM/regulation, distribution of contribution to traffic complexity). 

Third, the experts will be given the Questionnaire. The goal will be to know whether the new 
operational concept is more useful than what they have today. They will be asked about 

• the usefulness of the probabilistic weather information presented,  

• the improvement with respect to the current FMP process,  

• the clarity of the graphical displays, … 

Roles and responsibilities in the exercise 

CCL and ACG will make the necessary arrangements to set up the exercise session. USE will present 
the case studies to the FMPs participating in the validation exercise, hand out the questionnaire and 
process the answers. 

Validation timeline 

The validation exercise will be carried out at the beginning of 2022, along with the tasks foreseen in 
WP7, tentatively on January 2022. The Questionnaire will be prepared at the end of 2021, once results 
from WP5 and WP6 are available, tentatively on December 2021. The analysis of the exercise results 
and the writing of the Validation report is to be done on February 2022. 
 

Activity Dec 2021 Jan 2022 Feb 2022 

Preparation of Questionnaire    

Exercise execution    

Analysis of results and Validation report    

 
 
 

3. VALIDATION RESULTS 

Validation report 

The results will be documented in a validation report, to be included as an appendix to deliverable 
D7.1. 
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The report will describe the outcome of the validation exercise with respect to the predefined 
validation objective, including deviations from the anticipated assumptions and hypotheses, and will 
identify follow-up actions in the case of any issues which had emerged. 

External validity 

Despite the fact that usefulness is a subjective concept, the positive outcome of the validation exercise, 
namely the usefulness of the FMP-Met concept as assessed by the experts, can be generalized to other 
operational environments, that is, to other airspaces and weather conditions, because the case studies 
have been chosen so as to represent a diversity of actual situations. 

 

 


