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Abstract  

ISOBAR project aims at integrating enhanced convective weather forecasts in order to predict 
imbalances between capacity and demand as well as employing AI to prescribe mitigation measures 
at local and network level. D3.2 corresponds to the machine learning models developed to predict 
capacity and hotspot detection in the European ATM network taking into account weather 
information. The results show that the implemented methodologies are capable of capturing the 
influence of weather on the ATM network. This research is a first step towards the implementation of 
artificial intelligence to enhance the ATFM network. The present document, as Availability Note of D3.2 
(type of deliverable “Other”), details the development process and the technical aspects of the 
delivered machine learning libraries. Libraries are stored online and their link is referenced in Appendix 
A. 
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1 Introduction 

1.1 Purpose of the document 

The present document is the availability note of deliverable D3.2 “Hotspot detection library, based on 
demand and capacity characterisation”. It details the development process and the technical aspects 
of the delivered machine learning libraries supporting ultimately the detection of meteo-induced 
demand and capacity imbalances at pre-tactical ATFCM phases, leading to en-route hotspots. The work 
is phased in a first characterisation of capacity decay linked to forecasted convection and a second part 
of integration of this decay estimation with available demand data so that to identify hotpots.  

The libraries themselves are stored online and can be reviewed using Jupyter Notebooks as explained 
in Appendix A. 

1.2 Intended readership 

This document is directed at: 

1. ISOBAR Consortium members, 

 For informing about the approach of the developments and the results that can be 
consumed by other tasks. 

2. SJU Programme Manager (PM), SJU ATM Expert and SJU Technical Coherence Coordinator 
(TCC), 

 For reviewing the relevance of the Machine Learning developments for the ISOBAR 
objectives. 

1.3 Structure of the document 

The document is structured as follows: 

- Section 2 describes the state of the art of the machine learning methods applied.  

- Section 3 describes the data sources that feed the algorithms.  

- Section 4 is focussed on the description of the algorithms developed to estimate the capacity 
decay linked to convective forecasts, highlighting data sources and data curation work. 

- Section 5 is focussed on the part related to the characterisation of the hotspots caused from 
imbalances between airspace capacity and traffic demand. 

- Section 6 provides some conclusions to the work done and briefly discusses additional 
research. 

- Appendix A indicates how to access the actual code of the developed algorithms.  
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1.4 List of Acronyms 

Acronym Definition 

ACC  Area Control Centre 

ADEP  Airport of Departure 

ADES  Airport of Destination 

AI  Artificial Intelligence 

ALLFT Flight data format used in DDR 

ANN Artificial Neural Network 

ATC  Air Traffic Control 

ATFCM  Air Traffic Flow and Capacity Management 

ATM Air Traffic Management 

ATS  Air Traffic Service 

AU  Airspace User 

CDF Cumulative Distribution Function 

CFMU  Central Flow Management Unit 

CNN Convolutional Neural Networks 

CO  Confidential 

CONOPS Concept of Operations 

CTFM Current Tactical Flight Model 

CTOT  Calculated Take-Off Time 

DCB  Demand and Capacity Balance 

DDR Demand Data Repository 

ER  Exploratory Research 

ETL  Extracting, Transforming and Loading 

FMP  Flow Management Position 

GIPV  Gestión Integral de Planes de Vuelos 

HMI  Human Machine Interface 

ICAO  International Civil Aviation Organization 

KPA Key Performance Area 

ML  Machine Learning 

MSE Mean Square Error 

NM  Network Manager 

NMSE Normalised Mean Square Error 
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Acronym Definition 

NWP  Numerical Weather Products 

PM  Programme Manager 

PU Public 

RDT Rapid-Development Thunderstorm 

SAF Satellite Application Facility 

SESAR Single European Sky ATM Research Programme 

SJU SESAR Joint Undertaking (Agency of the European Commission) 

SQL  Structured Query Language 

SWAP Severe Weather Avoidance Plan 

SWIM System Wide Information Model 

TCC  Technical Coherence Coordinator 

TS  Technical Specification 

WP  Work Package 
Table 1: List of acronyms 
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2 State of the Art 
Proper execution ATFM requires well organised collaboration between stakeholders, including aircraft 
operators, Air Navigation Service Providers (ANSPs), Meteorological (MET) service providers and the 
Network Manager (NM) (EUROCONTROL, ATFCM Operations Manual, 2019). On days with strong 
thunderstorm activity, the airspace system conditions can be highly volatile making it difficult to 
balance aircraft operator demand with airspace capacity. Thunderstorms can move quickly and exhibit 
life-cycles that can develop and dissipate within 1-2 hours, making them difficult to anticipate over 
longer time horizons. As a result, convective weather has been typically managed during the execution 
of a flight (at a more tactical level), having significant impact on the efficiency of the Air Traffic 
Management (ATM) system.  

In the United States, the Federal Aviation Administration regularly publishes a National Severe 
Weather Playbook. The National Playbook is a collection of Severe Weather Avoidance Plan (SWAP) 
routes that have been pre-validated and coordinated with the impacted air traffic control centers. 
However, in Europe, where many ANSPs each control a portion of the airspace, a network wide 
perspective focused on reducing the impact of adverse weather on the Air Traffic Flow Management 
(ATFM) process is lacking.  

In 2018, 4.8 million minutes of en route ATFM delay were due to adverse weather in the European 
airspace, a 124 percent increase vs 2017 (EUROCONTROL, 2018 Performance Review Report, 2019). In 
the top 10 days of convective activity over Europe in 2018, more than 1 million minutes of en route 
delay were accumulated due to adverse weather, with the cost of ATFM delay estimated at 100€ per 
minute (Cook, Tanner, & Graham, 2015), weather has a significant financial impact on the ATM system. 

Aviation research related to thunderstorms and convection has typically focused on flight specific 
solutions, e.g.: the development of trajectory optimisation algorithms in the presence of 
thunderstorms (Sauer, Steiner, Robert, James, & Daniel, 2016) or the development of decision support 
tools to analyse active flights in the en route environment and find simple and efficient route 
corrections around convective weather (McNally, et al.). While this previous work is important to help 
optimise the trajectory for a single flight, they lack a network-centric approach to understand the 
impact that weather will have on air traffic flows. In this research, we tackle the question of how 
convective weather will impact the air traffic network flows by applying machine learning algorithms. 

Applying machine learning techniques to ATM is an extremely active area of research, and has proved 
to be useful in applications such as, just to mention a few: predicting controller workload (Gianazza, 
2017),  trajectory prediction (Marcos, Ros, & Herranz, 2017), identifying anomalous events leading to 
unsafe arrivals (Jarry, Delahaye, Nicol, & Feron, 2020), predicting arrival times (Wang, Liang, & 
Delahaye, 2018), and the characterization of trajectory adherence to standard routes in complex 
airspace volumes (Carmona, Amaro Nieto, Saez Gallego, & Verdonk Gallego, 2020).  
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2.1 Machine Learning methods 

2.1.1 Convolutional Neural Networks 

The strength of CNN comes in their ability to exploit spatial correlations in the data. CNNs are able to 
capture coherent features within the multiple input fields. First, the convolutional operation is 
performed by applying a kernel or filter, on the input fields. The kernel is essentially a smaller sized 
matrix that span across the image and the convolution is performed by multiplying the value of kernel 
with the value of the input fields. The objective of the convolution is to extract high level features from 
the input images.  
 
Convolutional layers are often used in conjunction with Pooling and Up sampling layers. A Pooling layer 
is responsible for compressing the data by performing a dimensional reduction. The Pooling layer is 
useful for extracting the dominant features from the input fields. With Up sampling, the goal is to 
increase the data, by applying a nearest neighbour algorithm, essentially performing a spatial 
interpolation using the surrounding points. 
 
By using a series of Convolutional, Pooling and Up sampling layers, we are able to define a 
convolutional encoder-decoder architecture. In the encoder phase, convolutional layers are used in 
conjunction with pooling layers to condense the data and extract the important features whereas in 
the decoder phase the aforementioned features are used to reconstruct an image that aims to 
replicate the target function. Figure 1 shows an example of the CNN architecture. 
 

 
Figure 1. Example of Convolutional Encoder-Decoder Neural Network 

 

 ´ 



ISOBAR D3.2 AVAILABILITY NOTE: HOTSPOT DETECTION LIBRARY, BASED ON DEMAND 
AND CAPACITY CHARACTERISATION 

 

  

 

 

11

 

 

3 Data Sources 
In training the models, both approaches, capacity and hotspot characterization, make use of a dataset 
composed of historical weather observations and historical traffic information. Additionally, each 
model also uses secondary data sources which will be introduced in the respective section. Since the 
model needs both weather and traffic data, only those dates where both data sources were available 
could be used.  

3.1 Weather Observations 

Geostationary satellites with orbital periods that match the Earth’s rotation provide continuous 
observation of specific regions of the Earth. Visual and infrared satellite imagery captures vital 
information regarding cloud cover, water vapor and temperature that allow for monitoring and 
tracking of weather.  

The Rapid-Development Thunderstorm (RDT) algorithm was developed by Meteo-France within the 
EUMETSAT NWC-SAF framework. The RDT algorithm employs primarily geostationary satellite data to 
provide information about clouds related to significant convective systems from the mesoscale ($200-
2000$ km) down to hundreds of meters (Lee, y otros, 2020). 

The RDT product covers the geographical region of Europe, and outputs storm data on a 15 minute 
interval. For each cloud cell, the RDT product defines a series of parameters capturing the location, 
shape, movement, severity, and life-cycle phase. Figure 2 shows a sample satellite image of the RDT 
product. In our research we focus on parameters defining the contour coordinates of the convection 
storm cells and the severity of the storm.  

 

Figure 2. Satellite image of convective weather on June 3, 2018 at 17:15Z 
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It is worth mentioning that by using actual weather observations rather than forecasts to build our 
model, we are making the unrealistic assumption that we have access to the "perfect weather 
forecast." It is acknowledged that this assumption is not compatible in an operational context. 
However, we believe that any relationships that exist between weather and traffic will be more easily 
captured by using historical weather observations and historical aircraft trajectories. In a future 
operational concept, the historical aircraft trajectories should be replaced with aircraft demand, and 
the historical weather observations with weather forecasts. 

3.2 ATM Data 

The Demand Data Repository (DDR) from EUROCONTROL was used to analyse historical traffic and 
airspace environment. DDR provides the most accurate picture of past pan-European air traffic 
demand. The ALLFT files from DDR include an abundance of information for each flight by modelling 
of the filed, regulated and current flight plans and trajectories. For our research we use data from the 
Current Tactical Flight Model (CTFM), which uses a combination of the last filed flight plan and available 
radar data to compute the closest estimate of the flight trajectories handled by controllers on the date 
of operations. 

 

Figure 3. DDR2 Portal Logo 
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4 Capacity Characterization 

4.1 Introduction 

The objective of ISOBAR task 3.2 Capacity Characterization was to construct an artificial intelligence-
based model capable of estimating the drop in capacity due to weather. To complete this task, three 
main elements needed to be addressed. First, it was necessary to define a nominal value for capacity, 
next we needed to measure a capacity drop, and lastly, we also needed to define a metric for weather.  

Task Elements 

 Define nominal capacity 

 Define capacity drop 

 Define weather metric 

In completing the task of capacity characterization three approaches were considered. Each approach 
considered, provided a different frame of reference to analyse the problem. In the first approach the 
problem was defined using gates. In this approach a set of gates were defined over the European 
airspace, and capacity was defined as the volume of traffic crossing a gate. Next, we defined the 
problem using a traffic flow approach. In this approach, we utilized the flight trajectories to reconstruct 
an image of the traffic patterns over a region. The image was later mapped onto a grid, where each 
grid point represented a small portion of the airspace.  Lastly, we also considered the approach of 
analysing the problem using sectors.  

Approaches Considered 

 Gates  

 Flows  

 Sectors 

Given the objective was to solve the problem using an AI/ML approach, we required to define the three 
elements of our problem and the three approaches using data.   

 

4.2 Data Sources 

The main sources of data for this task were the DDR ALLFT files and RDT satellite observations of 
convective cells described in the previous section. Geographic information of the considered gates and 
sectors was also utilized. Additionally, historical regulation data was also used in performing the data 
analysis.  
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4.2.1 Traffic Data 

Given our three different approaches it was necessary to define the traffic data using each method. 

In the Gates approach we defined 16 Gates to capture important traffic flows throughout regions of 
Spain and France. In Figure 4, we portray an image of the 16 gates used to analyse the traffic. Below 
we provide a list of the 16 gates: 

 

1. LFBW  5. LFEW 9. LFBS 13. LECB 

2. LFBE 6. LFEN 10. LFRLEC 14. EGLFR 

3. LFBNW 7. LFENE 11. SPAINC 15. LFM 

4. LFBS 8. LFENE2 12. LP 16. LFMLI 

 

 

Figure 4 Gates Approach 

For each gate, it is possible to define the traffic crossing the gate. From the DDR files we were able to 
define the Filed, Current and Regulated Entry Count for each gate. Furthermore, we were also able to 
analyse the regulation reason of the regulated traffic. In Figure 5, we show the difference in traffic 
entry count for Gate 9 LFBS for two different days, Sunday June 10, 2018 (left column) a day with active 
thunderstorms and Sunday June 17, 2018 (right column), a day without weather. In the top row the 
Current, Filed and Regulated entry counts are shown in grey, blue, and red respectively. Across the 
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bottom row, the regulated current traffic is shown. The current entry count is shown in grey, the 
current regulated traffic is shown in orange, the current weather regulated traffic is shown in green, 
and the current capacity regulated traffic is shown in red. 

In the Flows approach the traffic trajectories were mapped onto a grid. Our grid covered a geographic 
region of Spain and France and had a dimension of 128 x 128. Using this method, it was possible to 
define the traffic that crossed each point in our grid. Figure 6 Traffic Flows Approach displays an 
example of the grid representation of traffic. For each image we display the traffic crossing within an 
hour window. From the figure we can see that heavily transited airways along with congested points 
in the network stand out.  

 

 

Figure 5 Gate Entry Count 
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Figure 6 Traffic Flows Approach 

In the sector approach, the current airspace profile from the ALLFT DDR files were used to obtain a 
traffic entry count for each sector of interest. The sector data was also aggregated into hourly time 
windows with 20-minute frequencies. From the ALLFT DDR files it was possible to define the entry 
count for elementary sectors, to obtain the entry count for the collapsed sectors of interest additional 
post-processing steps were required. Figure 7 Sectors shows a map of multiple sectors. 

 

 

Figure 7 Sectors 

4.2.2 Weather Data 

As mentioned in the previous section the weather data utilized for training our models consisted of 
the RDT satellite observations. Given the RDT provides geographic information of the storm cell 
polygons, this data format was sufficient to analyse the data. Additional processing was required in 
some instances to convert the weather information provided with polygons onto a grid. Figure 8 shows 
an example of the raw RDT data and the resulting data in a grid format.  
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Additionally, besides the satellite weather observation data the convection prediction output from the 
ISOBAR MetEngine was used as an input to the models. However, the weather observation were 
preferred for performing the data analysis and training the models, the assumption was that if we 
were not successful using the actual storm data, it would be unlikely to succeed with the storm 
forecast. 

 

Figure 8 Weather Data 

4.3 Methodology 

For each of the three approaches, Gates, Flows and Sector it was necessary to complete the three task 
elements, (1) defining a nominal capacity, (2) defining a capacity drop, and (3) defining a weather 
metric.  

Given that the air traffic patterns are cyclical from week to week, we assumed that it is possible to 
define a “nominal” capacity based on previous traffic volumes. To define a nominal capacity, a 
Cumulative Distribution Function (CDF) was constructed based on historical traffic data. Furthermore, 
additional analyses showed that by calculating the CDF for each weekday-hour combination provided 
a more detailed estimation of traffic patterns. Figure 9 provides an illustrative example of the entry 
count for a given airspace volume. The top image shows the CDF curves grouped by different days of 
the week; the bottom image shows the same information grouped by hour of the day. From the images 
we can see that different days of the week vary in the amount of traffic. In the hourly analysis, this 
difference is most apparent.  From the image it is apparent that the airspace volume has a few peak 
hours when the sector is highly loaded.  To define a “nominal capacity“ value, the 90th percentile value  
of entry count for each weekday hour combination was used. The assumption was that the max value, 
the 100th percentile, is associated with an instance of capacity overload in the airspace.  
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Figure 9 Cumulative Distribution Function 

This methodology of defining a nominal capacity was used for each of the three approaches, in this 
way we can define a nominal capacity for a gate, each point of the traffic flow grid, and each sector.  

Capacity drop was defined as the difference between the 90th percentile nominal capacity value and 
the actual entry count. The assumption was that on days with weather the actual entry count in a 
reference airspace volume be it gate, flow, or sector, would be less that the nominal capacity value. 
This drop in capacity could be defined as the capacity drop due to weather. A major challenge in 
completing this task, is that there exists a lot of variability in the data, and a capacity drop in an airspace 
volume could be attributed to various reasons. Being able to train the models with properly labelled 
data of capacity drops due to weather proved to be difficult. Essentially, it is hard to predict what you 
cannot measure. 

Lastly, it was necessary to define a weather metric. From the RDT observation data we were able to 
define the location of convective storm cells along with certain characteristics such as severity and 
altitude.  
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4.3.1 Gate Approach 

While performing the data analysis of this approach it was clear that weather played an impact in the 
traffic patterns of the gates. On days with weather, the data showed an increase in weather regulated 
flights, drops in entry count. In Figure 10, we can appreciate the entry counts for Gate 7 LFENE for two 
data, June 9th, 2018, a day with active weather, and June 16th, 2018, a day with no weather in the 
airspace system. From the graphs we can notice a decrease in traffic between 15:00 and 21:00 on June 
9th when compared with June 16th. The comparison of traffic was always performed one week apart, 
given that traffic patterns are similar on the same day of the week.   

 

 

Figure 10 Gate LFENE Entry Count June 9th  vs June 16th, 2018 

The main problem in the gate approach is that there was no clear way of delimiting the area in which 
to consider the weather. A gate could be impacted by storms a long distance away if it proved to be 
an obstacle for either the upstream or downstream traffic flows crossing the gate. Other times, a storm 
could be relatively close to a gate but not be in the path of the traffic flows and the data reflected little 
to no impact. Given this lack of clarity in the data, we decided to veer away from the gate approach 
investigate other approaches.   

 

4.3.2 Flows Approach 

In the traffic flows approach we set out to tackle the problem using a convolutional neural network 
(CNN) methodology. By proving the model with images of traffic and images of weather, we 
anticipated the model would be able to capture the spatial correlations that exist between the traffic 
and weather patterns.  

Traffic data was processed to create images presenting 90th percentile nominal capacity and the 
current entry count which served as a proxy for capacity. Next, the two images were subtracted to 
provide the capacity drop. Figure 11 shows an example of the resulting nominal capacity, entry 
count/capacity and capacity drop images. From the image, we can notice that the capacity drop image 
has a lot of red and blue areas, where there are either more or less aircraft than expected. 
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Figure 11 Flows Approach Data Processing 

In our approach we would provide the CNN model with an input of the current traffic, the current 
weather and try to predict the capacity drop image as the target/output. However, when we compared 
the weather input images with the capacity drop images it was hard to find a correlation that made 
sense. On both days with and without weather the same blue and red traffic patterns occurred.  

 

Figure 12 Comparison of Weather Input and Capacity Drop 

Figure 12 shows various weather inputs and capacity drop images. From the figure it is difficult to 
notice any spatial correlation between the two images.  Regardless, we attempted to train a CNN 
model, however the model predicted only zeros.  

In hindsight, it was clear to see the problem formulation of the flows approach was flawed. Defining 
nominal capacity as the 90th percentile values within each pixel of our image was incorrect. The spatial 
displacement or variability of traffic patterns from one day to the next, resulted in perhaps an over 
estimation in nominal capacity. This error in nominal capacity definition was passed along to the 
capacity drop image, proving to be an impossible target for the model to predict. Given the difficulty 
in properly defining nominal capacity and the target function in the problem, the flows method was 
set aside, and we focused out efforts on the sector approach.   

- = 
July 1st, 2018 14:00H 
Entry Count/Capacity 

P_90 Sunday 14:00H 
Nominal Capacity 

Capacity Drop 

2018-07-05 15:00:00 

2018-07-01 11:00:00 2018-07-06 08:00:00 

2018-07-06 13:00:00 
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4.3.3 Sector Approach 

 In the sector approach we set out to build a model capable to estimating the capacity in a sector 
having been provided with a weather input. Given that in the project there was an interest in providing 
this prediction for a large number of sectors within Spain and France, we decided to create a generic 
model that could provide an estimate for any sector.  The model was trained using values of entry 
count in a sector, in this research we made the assumption that entry count was a proxy for capacity. 

With the objective of creating a model that could predict the entry count/capacity for any sector, the 
following 10 features we selected as inputs to out model.  

 Time of day 

 Day of week 

 Country 

 Region defined by first four letters in sector name (LEMD, LFMM, LECB, etc.) 

 Historical mean of traffic entry and exit altitude in sector 

 Historical difference in traffic entry and exit altitude in sector 

 Size of sector 

 Percentage of sector overlapped by convective cell 

 Average convective cell altitude in sector 

 Average convective cell severity in sector 

The problem was formulated as a supervised learning regression problem. Over 2 months of historical 
traffic and weather data were processed and used to fit a random forest and a neural network model. 
While both models showed similar performance, the neural network model showed the best 
performance. 

 

4.4 Results 

The capacity estimation model results showed a high degree of correlation between the actual and 
predicted values of entry count. However, the weather feature proved to have only a small impact on 
the model prediction values. Model results are presented using an actual versus predicted graph in 
Figure 13. 

In this example we can hypothesize the model predicts a capacity drop due to weather, however it 
seems that this sector experienced a capacity overload due to the weather. It is imagined that because 
of the weather situation additional traffic was rerouted to enter this sector. These results highlight one 
of the main limitations of this approach. In the sector approach only the weather within the sector is 
considered as a model input. In fact, each sector is assumed to be acting independently as the model 
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makes a prediction based only on features pertaining to the sectored of interest.  In reality, it is evident 
that the weather and traffic situation in the areas surrounding the sector should also be considered.   
 

 

Figure 13 Sector Approach Results 

 

Figure 14 Sector Capacity Estimate Examples 

In Figure 14, the model results for two sectors are visualized on a map for Wednesday August 28th, 
2019 at 17:20. The image on the left portrays the French sector LFFFUPPU, from the image we can 
notice there is weather surrounding the sector. The 90th percentile nominal capacity value for this 
sector on Wednesday at 17:20H was 24.6 aircraft. The model capacity estimate prediction considering 
the weather data was 17.9, and the actual entry count for that day was 15 aircraft. In this example we 
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can hypothesize the model predicts a capacity drop due to weather, however the actual drop in 
capacity proved to be more than what the model predicted. The image on the right portrays the French 
sector LFMMGY12. From the image it is evident there is weather impacting the sector. The 90th 
percentile nominal capacity value for this sector on Wednesday at 17:20H was 40.8 aircraft. The model 
capacity estimate prediction considering the weather data was 31.04, and the actual entry count for 
that day was 44 aircraft. Additionally in Figure 15, below we can see the actual (black) and in predicted 
(blue) entry counts for the sectors. In the figure, we can also see the percentage of sector area being 
occupied by a convective cell represented by the green line. 

 

Figure 15. Entry Count for LFFFUPPU and LFMMGY12 sectors 
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5 Hotspot Characterization 

5.1 Introduction 

Convective weather is a major source of disruption to air traffic operations responsible for roughly one 
third of ATFM delay. In addition, the Air Traffic Control (ATC) service currently lacks supportive 
information at the moment of issuing weather regulations as well as these scenarios are typically 
managed during the execution of a flight (tactical level). Both factors together lead to a strong 
dependency on the experience of human operators affecting the ATM system performance. 
Understanding how weather will impact air traffic flows is an important first step in improving Air 
Traffic Flow Management operations during convective weather. In this research we exploit advances 
in machine learning to find the spatial correlations between convective weather and regulated air 
traffic flows. Historical satellite observations along with traffic data from summer of 2018 are used to 
train a convolutional neural network to detect traffic flows that are being regulated due to weather. 
Results indicate a clear correlation between weather and regulated traffic and reveal that a CNN model 
is able to learn from the spatial correlations in the data. 

 

Figure 16. Hotspot Detection Model Description  

Due to the dynamic nature of the convective weather phenomena, performing ATFM operations in 
this environment is considerably complex. Depending on the time horizon considered, the available 
weather information varies. For shorter time horizons, the weather information relies on observations 
from radar satellites, which can be provided accurately but with a limitation in the time horizon 
(commonly less than one hour). When dealing with longer time horizons, where ATFM processes are 
put in place, the information is based on numerical weather prediction products which require a large 
computational effort and therefore limits the refresh rate of the weather forecast (typically 12 hours). 
Predicting the location of these regulation hotspots in advance at a pre-tactical phase will let air traffic 
controllers make better decisions when coping with convective weather scenarios and therefore 
reducing ATFM delays. The aim of this research is to provide a methodology capable of predicting the 
location where regulations due to convective weather conditions are expected to be issued to later 
tested using weather forecasts replicating the real operational scenario in future research. 
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To that end, a machine learning model capable of learning from historical data has been implemented. 
Among the different types of machine learning models, CNN models are well-known to work well when 
the spatial relationship is an important characteristic to be learnt in the problem. Since the objective 
of the problem is to predict the location of regulation hotspots, an image-oriented approach seems to 
be the most reasonable way of accomplishing the task together with a CNN model. Such model will 
receive the traffic demand, based on the current tactical flight, and a storm severity colour-map based 
on the weather observations as inputs providing as output a regulation traffic colour-map indicating 
those areas where a weather regulation due to storm activity is likely to be issued. 

 

5.2 Additional Data Sources. Regulation Data 

As mentioned, the aim of the model is to predict the number of aircraft subject to a weather regulation 
due to storm activity. To that end, regulation data coming from EUROCONTROL environment files was 
incorporated. From the ALLFT files, we were able to know if a flight was regulated and which regulation 
was most penalising. From the environment files we were able to see regulation specific data, including 
the location, time and reason for the regulation. By combining the regulation data from the 
environment files with the trajectory information, it is possible to identify those trajectories that 
suffered a weather regulation due to storm activity. 

 

5.3 AI methodology 

In this research we train a convolutional neural network (CNN) model to detect weather regulated 
traffic flows. The problem is conceptualized using image segmentation methodology. The CNN model 
is presented with an image of traffic and weather as inputs, and should provide an image of the 
weather regulated traffic as the output. More details on the CNN model architecture, as well as further 
discussion on the assumptions and limitations of our approach are provided below. 

 

5.3.1 Data Processing 

In order to apply our convolutional neural network methodology, it is first necessary to transform the 
weather and traffic data into N x N matrices or images in order to fit the model. 
 
A grid of size 128 x 128 was chosen to represent the weather and traffic information. The selected grid 
covers the geographical area spanning from 7E to 9W in longitude and 39N to 55N in latitude. With 
this grid size we are able to capture substantial portion of Europe with high traffic volume at a 
resolution of 0.125 degrees in longitude/latitude. In the case of weather, a grid point was determined 
to contain a storm if it was enclosed by the storm polygon defined by the RDT product. In the case of 
traffic, a flight was attributed as belonging to the grid point if its trajectory crossed the rectangular 
area centered on the grid point.  
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In the temporal dimension, all data was aggregated into hourly time windows, in this way each image 
represents data for one hour. In aggregating the weather data, a storm metric was computed to 
account for the number of instances and storm severity at each grid point. In aggregating the traffic 
information, the value at each grid point corresponds to the number of aircraft that crossed the grid 
point within the hour.  
 
Figure 17 shows the weather data for June 3rd, 2018 at 17:00 is represented as an image the traffic 
data for the same hourly window. From the two figures it is clear that the method of data 
representation allows us to appreciate significant traffic flows, as well as the convective areas within 
the airspace. Lastly, Figure 18 shows the weather regulated traffic using the grid representation. From 
the image we are able to see the traffic flows that suffered a weather regulation. During training of 
the CNN model, this regulated traffic image will be used as the desired output or target function. 
 

 

 
Figure 18. Example of Output Image. Regulated Current Traffic  

Figure 17. Example of Input Images. All Current Traffic on the left. Weather Severity on the right 
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5.3.2 Problem Formulation 

As previously described, traffic and weather data are transformed into N x N arrays or images to fit the 
model. Given an image of traffic and an image of weather, the model should identify the traffic flows 
that are regulated due to convective weather phenomena. 
 

1) Inputs: One important aspect to note is that all data used to train the model is historical - 
actual flown trajectories, and actual thunderstorm cells captured by satellite. It is 
acknowledged that using images of current traffic and current weather to predicted regulated 
traffic does not make sense operationally, however given several instances of traffic and 
weather our intention is for the model to learn the spatial correlations that may exist between 
traffic patterns and weather. In an operational scenario the model predictions should be based 
on images representative of the traffic demand and weather forecast. 
 

2) Target Function: Much thought went into choosing a target function representative of the 
impact that weather has on the ATM route network. Our approach of representing weather 
regulated trajectories has some limitations. Because we only cross-reference the flight ID and 
weather regulation, the entire flight trajectory is used as a target rather than the portion of 
the trajectory that encountered the weather issue. However, given that the target function 
considers all airborne traffic within the hourly time window, weather impacted regions stand 
out as hot spots of weather regulated trajectories. Another limitation in this approach lies in 
the quality of the regulation data and the historical ATFM human-biased decisions to regulate. 
Even though the regulation data may not be perfect, it is valuable in understanding ATFM 
decision making. 
 

5.3.3 Data Set 

In completing this research exercise, 58 days of historical traffic and weather data from 2018 covering 
the period from May 4th to June 30th were used to train the model. In order to test and select the best 
performance model, days from 1st to 9th July except to 8th July (no RDT data available) were used. 
 
Two different model architectures have been implemented, a classical CNN and the so-called U-Net 
convolutional neural network whose schematic diagrams can be seen below in Figure 19 and Figure 20 
respectively. At the same time, one of the parameters which affects the most the performance in a 
CNN is the number of filters. Each filter corresponds to a feature map of the data making the model 
more complex as the number of filters increases. In order to assess the effect of the model complexity, 
a low-complexity version of the aforementioned models will be also implemented. Instead of using 32, 
64, 128 and 256, as depicted in Figure 19 and Figure 20, 8, 16, 32, 64 filters will be used. 
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Figure 19. CNN Hotspot Detection Model Schematic Diagram 
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Figure 20. U-Net Hotspot Detection Model Schematic Diagram 
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5.4 Results and discussion 
There is point in the training process at which the model will stop generalizing and start memorising 
the training set. Due to this over-fitting, the model will be less useful at making predictions on new 
data, i.e., data out of the training dataset. However, detecting this point exactly is not easy but rather 
a challenge since the training process of any Artificial Neural Network (ANN) is stochastic and noisy 
making the validation loss go up and down many times. Bearing this mind, the first sign of over-fitting 
might not be the best trigger to halt the learning process.  

Ideally, the process should be stop at a point at which the validation loss does not decrease significantly 
and when a little decrease in the validation loss means a relatively large decrease in the training loss 
increasing thus the generalization error. Therefore, analysing the model convergence and determining 
the best point to halt the training process might be cumbersome and difficult to automatize. For that 
reason, each model training has been treated independently running it up to an epoch in which the 
validation loss has already been stabilised or starts increasing and then selecting the best model 
version comparing the validation and training loss behaviour. 

Besides the aforementioned pitfalls, training an ANN has the inconvenient of the variability at which 
the model converges due to its non-deterministic nature. Each time the algorithm starts, it sets a 
different initialization of the network parameters which might make the algorithm converge to 
different solutions. In consequence, each model should be trained several times to ensure the selected 
version is likely to be close to the best one (note that one can never ensure its model version is the 
best possible since the network does not converge to the global minima but to the closest local minima 
from its starting point). In this case, each model type has been trained four times which seems 
sufficient for preliminary research. The results obtained are collected in Table 2. 
 

Model Type Run Trained 
Epochs 

LOSS VALUES [MSE] 
Training Validation Test 

Low 
Complexity 

CNN 

1 77 7,607E-05 9,695E-05 1,256E-04 
2 95 7,612E-05 7,928E-05 1,266E-04 
3 70 8,290E-05 8,807E-05 1,261E-04 
4 62 8,583E-05 1,057E-04 1,215E-04 

CNN 

1 61 4,717E-05 8,285E-05 1,212E-04 
2 56 6,304E-05 8,770E-05 1,216E-04 
3 60 6,150E-05 7,520E-05 1,247E-04 
4 63 4,836E-05 9,194E-05 1,240E-04 

Low 
Complexity 

UNET 

1 235 7,888E-05 8,948E-05 1,140E-04 
2 226 8,235E-05 9,195E-05 1,163E-04 
3 212 8,808E-05 9,207E-05 1,141E-04 
4 210 9,141E-05 9,331E-05 1,185E-04 

UNET 

1 123 1,174E-04 1,634E-04 1,428E-04 
2 111 1,131E-04 1,249E-04 1,372E-04 
3 112 9,881E-05 1,073E-04 1,309E-04 
4 134 1,017E-04 1,055E-04 1,305E-04 
Table 2. Hotspot Detection Model Runs Summary 
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The test loss is the most common metric to assess the predicting power of an ANN. In this sense, the 
Low Complexity U-Net architecture shows the best performance and thus was selected to be used to 
validate the model across the validation days (section 5.5). Before getting into this analysis, we present 
the results for particular times of interest within the test data set. 

In Figure 21 we present instances where the model seems to have fairly good performance identifying 
regions in the network that are under weather regulations. From the images it is clear there is a spatial 
correlation between the location of convective weather events and regions with regulated traffic 
flows. 

 

Figure 21. Visual representation of U-Net Model results with good performance 

Additional results are presented in Figure 22 with interesting model results. The first row in the figure 
presents results for July 3rd, 2018 at 17:00Z, and may be observed that the model is learning to put 
particular interest in areas with high traffic density, such as airport or significant air navigation points. 
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The second row presents results for July 1st, 2018 00:00Z, an instance in our test data set with active 
storms, but low traffic volume. From these results we can see the model considers the overall traffic 
volume when making a prediction. 

 

Figure 22. Visual representation of U-Net Model results for interesting cases 

Lastly, Figure 23 presents instances where the model exhibits poor performance. In the first row the 
results for July 7th, 2018 16:00Z are presented. Here we can see significant storm activity over the 
Pyrenees, however the model seems to have trouble capturing the impacted flows. This may be due 
to the lack of temporal information provided as input to the model. Our model processes each of the 
images as independent samples, but in reality, the impact of weather on traffic persists over time. In 
the second row we present results for July 5th, 2018 21:00Z and, as observed in the images, there is a 
significant amount of regulated traffic that the model fails to capture. Although, we can also notice 
there are few storms present in the weather input provided to the model, when the entire European 
airspace is considered, (Figure 24), we can see there is significant storm activity outside of the 
geographical area of study. These results suggest that assessing the impact of convective phenomena 
on traffic is not a local problem but rather also a global problem being important to consider large 
geographical domains. 
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Figure 23. Visual representation of U-Net Model results with poor performance 

 

 

Figure 24. Comparison of the model weather input with satellite image of convective weather on June 5th, 
2018 at 21:15Z 
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Figure 25. Actual vs Predicted Plot 

As observed in Figure 25, the fitted regression line does not match the first quadrant bisector but 
rather is less steep meaning that, on average, the models tends to underestimate the importance of 
the regulations by giving lower pixel values than the actual ones. In order to gain a deep insight into 
the performance of the model depending on the value of the pixel it has to predict, the NMSE was 
evaluated at a specified number of intervals within the actual pixel value range. The reason why a 
normalized metric of the error was selected lies in the fact that an absolute metric, like the MSE used 
as loss function, would not be useful to compare the model predictive performance at different pixel 
values assuming that for larger pixel values the absolute error is likely to be higher but it might not be 
the case if a relative metric is used. 

 

 

 

Figure 26. NMSE Evolution Curve 
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𝑁𝑀𝑆𝐸 =  
(�̅� − 𝑃)

(�̅�)
  (1) 

After splitting the actual pixel range into the maximum number of intervals respecting that at least 10 
points lie inside each interval, the expression 1 was evaluated at each interval. By representing the 
results obtained at each interval against the mean actual pixel value at each interval, an evolution of 
the error with respect the pixel value is obtained, depicted in Figure 26. Analysing the representation 
and according to criteria suggested by (Kumar, Luo, & Bennett, 1993) which states that a model can be 
deemed as acceptable if NMSE <= 0.5, it is concluded that the network accomplish the task of 
predicting the largest pixel values, i.e., the regulation hotspots. 

 

5.5 Validation Use Cases 

In this section we present model prediction for the 3 days of validation used in the ISOBAR project. 
These days are July 27, August 27 and August 28 of 2019. For each of these days we have provided an 
image showing the model predicting for a specific hour of the day. 

 

Figure 27: Hotspot model prediction for July 27th 14:00H 
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Figure 28: Hotspot model prediction for August 27th 17:00H 

 

 
Figure 29: Hotspot model prediction for August 28th 18:00H 
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5.6 Conclusions 

In this research we have shown how CNN can be applied on ATM and weather data. While results 
indicate the model is able to capture correlations between traffic and weather data, there is still room 
for improvement and many assumptions that still need to be addressed. 

Perhaps one of the biggest assumptions comes in representing realistic ATFM load on the system using 
historical data. This is a difficult problem to solve given the data available and still an open challenge 
in ATM research. In this research we opted to use the Current Trajectory Flight Model. We also 
explored using the Filed Trajectory Flight Model, however because only the aircraft's last filed flight 
plan is preserved, these trajectories may already include ATFM modifications and thus not being a real 
indication of the true demand. In the end, few differences were found between the Current and Filed 
trajectories. 

Another assumption is the use of actual weather observations. In an operational scenario, this input 
would need to be replaced with a weather forecast. Furthermore, another major limitation within the 
presented methodology is that each image is treated independently. In reality, a temporal correlation 
exists between subsequent images. Nevertheless, we believe this limitation could be addressed in 
future research by expanding our methodology to other machine learning architecture accounting for 
sequential data inputs, such as Long-Short Term Memory networks. 

Lastly, including the vertical dimension into the problem would be a further improvement. Cloud top 
altitude is an important aspect of convective cells. While most storms may impact traffic around the 
airport and terminal areas, higher reaching storms are likely to have a greater impact on en-route 
airways. Similarly, weather regulation data could be categorized as occurring in the en-route or 
terminal environment. 

To summarize, in this research we have proven a novel methodology using a machine learning image-
oriented approach to assess the impact of weather on air traffic. The results indicate that our model is 
able to capture important correlations that exist between convective weather, traffic and ATFM 
weather regulations. 
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6 Concluding remarks 
In this ISOBAR work package, we presented artificial intelligence models capable of estimating the 
capacity drop and identifying the regulated traffic flow due to weather. In this work multiple ways of 
representing the traffic and weather data were explored. Additionally, multiple types of model 
machine learning model architectures were also considered including Random Forest, Neural 
Networks and Convolution Neural Networks. Although the models within this exploratory research 
exercise seem to correctly capture the learning objectives to some extent, there is still room for 
improvement and many open issues to be addressed in future research. Perhaps most important is the 
correct labelling of data to provide the models with clear training examples of the objective learning 
task. Future work in this line of research would benefit from additional domain knowledge in the form 
of input from subject matter experts. The European air traffic network is a complicated system with 
many quirks. Being able to correctly identify the capacity drops and hotspots within the data requires 
vast operational experience and perhaps additional data sources. Nonetheless, the work presented 
here illustrates just a small glimpse of the potential applications of machine learning and artificial 
intelligence on air traffic operations. 
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Appendix A Jupyter Notebooks 
 

D3.2 deliverable is completed with the python libraries showing of the machine learning models and 
results. Libraries are provided for both the tasks of Capacity Estimation and Hotspot Identification. 
These libraries are provided in the form of Jupyter Notebooks. A Jupyter Notebook is an open-source 
web application enabling the creation and sharing of documents containing live code, equations, 
visualizations, and narrative text. Free installation and tutorials are available at https://jupyter.org/. 
Additionally, users also need to have python installed to execute the code. Python is an open source 
interpreted, object-oriented, high-level programming language that is available for download at 
python.org. 
 
For each task a zip file is provided containing all the input files required to run the code and the sample 
scenarios. Additionally .html files are also provided in the zip files that allow for a “visualization only” 
version of the code and the results without the need for installation. Zip files are also available in the 
link below (corresponding to ISOBAR space in Microsoft Teams): 

https://enaire.sharepoint.com/:f:/r/sites/ISOBARProject/Shared%20Documents/WP3%20Hotspot%2
0Identification/Deliverables/Python_libraries?csf=1&web=1&e=QGXC62 

 

 

 

 


