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ALARM  
MULTI-HAZARD MONITORING AND EARLY WARNING SYSTEM 

This Deliverable is part of a project that has received funding from the SESAR Joint Undertaking under 
grant agreement No 891467 under European Union’s Horizon 2020 research and innovation 
programme. 

 

Abstract  

The objective of this Deliverable is to describe the models developed to nowcast the extreme weather 
and to provide a significant assessment of the results.  

The Deliverable includes a summary of the data used during the project, the methodology developed 
to nowcast the three main outputs (rain, wind and lightnings), the nowcasting results, the algorithms 
performances evaluation and it finally shows a mock-up product for a case study. We developed three 
different algorithms in two hotspots (Milano Malpensa and Brussels Zaventem) achieving excellent 
performances for the prediction of wind speed and good probability of detection for extreme rain and 
lightning. The models are based on different data configurations to understand what can be the 
optimal algorithm setting to minimise the costs and maximise the nowcasting performances at the 
same time.  

The conclusions report the main results achieved by the WP4, provide some tools to give a correct 
interpretation to the results and summarise some recommendations which should be taken in account 
for future developments or projects on the same field. 
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1 Introduction 

We first introduce ALARM project, including its goals (Section 1.1), main concept (Section 1.2), and 
work structure (Section 1.3). The goal is to provide a high-level overview of the project for the sake of 
completeness. The purpose of the document, including its relationship with the overall project 
structure, is presented in Section 1.4. Then, we briefly describe the structure of the document (Section 
1.5) and a list of acronyms intended to facilitate the readership (Section 1.6). 

1.1 ALARM Project Goals 

The overall objective of ALARM is 

to develop a prototype global multi-hazard monitoring and Early Warning System (EWS). 

A global multi-hazard monitoring system means near-real time (NRT) and continuous global Earth 
observations from satellite and ground-based network, with the objective of generating prompt alerts 
of natural hazards affecting Air Traffic Management (ATM) and to provide information for enhancing 
situational awareness and providing resilience in crisis. NRT data (with delay of delivery from 45 min, 
to less than 4h) and tailored products from ground-based and satellite systems, as well as algorithms 
relying on meteorological forecast data, will be used to feed models capable of detecting (creation of 
alert products) and predicting (nowcasting/forecasting) the risk/displacement of: 

1) particles in suspension and gas derived from natural hazards (volcanic ash and SO2, dust clouds 
from sandstorms, and smoke from forest fire); 

2) severe weather situations such as deep convection and extreme weather; 

3) space weather regarding exposure to increased levels of radiation during flight; and 

4) environmental hotspots potentially contributing to global warming in a large extent. 

ALARM EWS plans to provide alert information for the stakeholders about the threat to aviation in 
three different manners:  

• early warning (geolocation, altitude and level of severity — quantification if available — of the 
observed hazard);  

• nowcasting [up to 2h] of hazard evolution at different flight levels.  

• forecasting [from 2h to 48h] of hazard evolution at different flight levels. 

The consortium will analyse the requirements for its inclusion in SWIM Yellow Profile Services.  

Specifically, the aim is to enhance situational awareness of all stakeholders in case of multiple hazard 
crisis by facilitating the transfer of required relevant information to end-users, presenting such 
information in a user-friendly manner to ATM stakeholders. In summary, anticipating severe hazards 
and fostering better decision-making. 
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1.2 Project Overall Concept 

The overall concept underpinning ALARM project is shown in Figure 1. In summary, ALARM’s ambition 
is to develop a prototype multi-hazard (phenomena representing different threats to aviation or 
environmental impact) alert system capable of integrating different data sources (satellites and 
ground-based instrumentation) and models (e.g., available weather forecasts), to develop early 
warning & nowcasting/forecasting solutions of the following phenomena: 1) aerosol particle and gas 
dispersion resulting from natural hazards (e.g. volcanic ash and SO2, dust from sandstorms); 2) severe 
weather hazards (deep convection and extreme weather); 3) space weather (situational risk and alert); 
and 4) environmental hotspots (via climate change functions). For each hazard producing (one or 
more) alert products will be integrated in ALARM’s EWS hosting platform (in charge of broadcasting 

the information to ATM stakeholders, e.g. airlines, pilots, dispatchers). An ad-hoc API (Application 
Programming Interface) is to be developed for visualisation purposes. In this overall concept, one can 
identify 3 blocks, namely: the EWS hosting platform; the multi-hazard models for early warning and 
nowcasting (for some specific hazards, e.g., the environmental one, also forecasting); the demo API 
tool (which includes the ATM information analysis). 

1.3 Work Plan 

The project is divided into 8 WPs (see Figure 2), which describes the different tasks to be performed in 
ALARM. The objectives of each WP are the following: 

• WP1 Project management: The goal is to effectively fulfil all the administrative, contractual, 
financial and technical aspects of the coordination of the project. 

• WP2 Alert system hosting platform: The goal is to develop an advanced alert system hazard 
service (Early Warning System – EWS) and to define the airspace (flight levels – FL) with risk. It 
will include alerts on particle dispersion hazards (volcanic ash, sulphur, dust clouds, smoke 
from forest fires) and space weather events (exposure to increased radiation levels) on a global 
scale (long-range flights), severe weather hazards (deep convection, extreme weather, icy 
clouds) on a regional scale (localised airports), and environmental hotspots (areas which have 
a high sensitivity to aviation emissions with regards to climate impact of non-CO2 effects, e.g. 
by forming persistent contrails ) on a global scale. 

Figure 1: Block diagram of ALARM Overall Concept. 
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• WP3 Dispersion models: The goal is to bring together observational data with hindcast data 
in order to develop a bias correction metric that can be used to build an alarm forecast system 
for airports. 

• WP4 Severe weather hazards: The goal is to define the state of the art of extreme weather in 
EU and its connection to the climate change, and to develop nowcasting algorithms for locally 
developed convective systems 

• WP5 Environmental hotspots: The goal is to provide algorithms for environmental/climate 
hotspots based on state-of-art algorithmic climate change functions (a-CCFs), define MET data 
requirements and evaluate climate impacts which will enable to identify those areas where 
aviation has a large climate impact. 

• WP6 MET Information and Alerts for ATM: The goal is to develop the roadmap for future 
development and deployment, and draft information requirements for the SWIM service for 
the alert products developed in WP2 to WP5. Develop visualization API 

• WP7 Dissemination, exploitation and communication: The goal is to coordinate all ALARM 
dissemination, exploitation, and communication activities while ensuring that the different 
targets have been reached. 

• WP8 Ethics requirements: The goal is to ensure ethical requirements during the conduction 
of the research activities. In particular, on the regard on identifying humans, protecting 
personal data.  

 

Figure 2: Work plan breakdown (WP8 on ethics is not included).  

1.4 Purpose of the document within ALARM project 

This document describes the procedures used to develop, optimise and assess the performances of a 
nowcasting algorithm for extreme weather. The purpose is to provide a background for future analyses 
and software developments in terms of datasets requirements (spatial and temporal resolution, type 
of datasets needed) and in terms of tools and methodologies, and to show a mock-up product which 
can be assimilated into the alert system hosting platform (WP2) and easily visualised and understood 
by the stakeholders (WP6).  
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1.5 Structure of the document 

In Section 2 we first describe the hotspots in which we decided to work and to develop the nowcasting 
algorithms according to the analysis described in the D4.1. In Section 3 we provide the information and 
characteristics of all the datasets used during the project (including the location map of the sensors) 
and we explain how we define the extreme weather. In Section 4 we report the methodology used to 
develop the nowcasting models, the algorithms architecture, the pre- and post-processing procedures 
and the methodology to assess the algorithm performances. In Section 5 we report the results of the 
nowcasting algorithms, the algorithms performance assessment and we show an output of our 
nowcasting model as a mock-up product. In Section 6 we describe the feasibility study for a possible 
overshooting nowcasting model. Finally, in Section 7 we resume the results and report issues and 
recommendations.  

1.6 Acronyms 

Non-exhaustive list of acronyms used across the text. 

Acronym Description 

ANN Artificial Neural Network 

API Application Programming Interface 

ATM Air Traffic Management 

BRU Brussels Zaventem airport 

CAA Canadian Avalanche Association  

CARGO airport-sCAle seveRe weather nowcastinG 

CSI Critical Success Index 

E/D Encoder/Decoder 

ENTLN Earth Networks Total Lightning Network 

EWS Early Warning System 

FAR False Alarm Rate 

FL Flight LEvel 

FN False Negative 

FP False Positive 

GNSS Global Navigation Satellite System 

ICAO International Civil Aviation Organization 

LF Low Frequency 

LSTM Long Short-Term Memory 

MAE Mean Absolute Error  

MAPE Mean Absolute Percentage Error 

MLPs Multi-Layer Perceptrons 
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MSE Mean-Square Error 

MXP Milano Malpensa airport 

NOAA National Oceanic and Atmospheric Administration 

NRT Near Real Time 

NWP Numerical Weather Prediction 

POD Probability of Detection 

RDT Rapid Development Thunderstorm 

RMSE Root Mean Square Error 

RNN Recurrent Neural Network 

SINOPTICA Satellite-borne and IN-situ Observations to Predict The Initiation of Convection for ATM 

SRR Stochastic Random Regression 

TAF Terminal Aerodrome Forecast 

TN True Negative 

TP True Positive 

TRT Thunderstorms Radar Tracking 

VLF Very Low Frequency 

WAFC World Area Forecast Centre 

WMO World Meteorological Organization 

WS Weather Stations 

ZTD Zenith Total Delay 

 

ALARM Consortium 

Acronym Description 

BIRA Royal Belgian Institute for Space Aeronomy 

DLR German Aerospace Center 

SATAVIA  SATAVIA LTD 

SymOpt SymOpt S.R.L 

UC3M University Carlos III of Madrid 

UniPad University of Padua 
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2 Hotspots 

As reported in the D4.1 [1], the European areas more affected by extreme events are northern Italy, 
the Pyrenees, south-west Spain, the Balkans, Switzerland, Austria, Slovenia, Bulgaria and Romania. In 
Figure 9 of D4.1, we highlight vulnerable regions which are potentially susceptible to extremes (based 
on the frequency of current extreme events) and we superimpose to the map the locations of the 20 
major airports in terms of passenger’s number and freight movement. Just Milano Malpensa (Italy), 
Zurich (Switzerland) and Barcelona (Spain) airports are characterised by extreme weather risk. 
According to the extreme weather frequency trend, the regions of interest are reduced to northern 
Italy and the Balkans. In this case just Milano Malpensa (Italy) airport is included in the risky area.    

However, the hotspot selection is based on the combination of 3 different parameters in the 
following order of priority: 

- Availability and accessibility of the data needed for the algorithm development; 
- Frequency of the extreme weather in the area; 
- Size of the airport of interest in terms of number of passengers and amount of freight. 

The availability and accessibility of data is mostly influenced by the connection that the project 
partners have with the agencies managing the different sensor networks. This makes data access easier 
in Italy, and Belgium as the consortium members have close links with agencies in these two countries. 
For this reason, our first choice of a hotspot for the nowcasting algorithm development has been 
Milano Malpensa airport (MXP). This decision is also reinforced by the fact that the same airport was 
the focus of the SESAR Engage KTN Catalyst project airport-sCAle seveRe weather nowcasting (CARGO) 
and one of the hotspots selected within the SESAR Satellite-borne and IN-situ Observations to Predict 
The Initiation of Convection for ATM (SINOPTICA) project. This means that we have a large background 
and datasets to play with, allowing us to get the best results and it also means that we can compare 
our results to a different nowcasting model developed within SINOPTICA.  

Another selected hotspot was Barcelona airport which is in one of the areas with higher extreme 
events frequency. This case study was considered relevant because Barcelona is characterised by a 
different microclimate than Milano and because at the first stage of the project we thought there was 
the possibility to install new Global Navigation Satellite System (GNSS) receivers into the airport thanks 
to the UC3M connections. Barcelona airport is located in an area well covered by GNSS receivers 
(Figure 3 left panel) and we already planned to install two additional low-cost receivers on the sea 
front and on the west side (Figure 3 right panel) to get information from all the cardinal points. 
Unfortunately, we were not able to establish the collaboration with the airport managers and we 
needed to find an alternative second hotspot. 

As an alternative we have chosen Brussels airport, because we have access to a large amount of data 
from really dense networks and this area is also regularly subject to heavy rainfall in summer. 
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Figure 3: GNSS receivers in the Pyrenees and around Barcelona airport (left panel). Planned locations 
for the additional GNSS receivers into the Barcelona airport (right panel). 

2.1 Purpose 

The WP4 objective is to base the nowcasting model on machine learning techniques. The purpose of 
selecting some hotspots is that the development of a machine learning framework requires a large 
dataset in terms of temporal availability and in terms of data types. The datasets that we need are 
usually managed by different agencies, the quality of data is not always verified, the different datasets 
must be synchronised. This means that, for each hotspot, there is a long preliminary work that must 
be performed before the dataset can be used to run the nowcast algorithm. 

A secondary objective of the hotspot selection was to understand and verify if the algorithm developed 
and optimised for a location can be used and/or adapted for other locations.  
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3 Datasets 

3.1 Datasets 

3.1.1 Data collection and pre-processing 

For this study, 4 different types of data are gathered: Weather Station (WS), GNSS, radar and lightning 
data. Each type of data is crucial for the development of the method. The weather station data define 
the environmental conditions useful to study the convection, the GNSS data give more detailed insights 
on the water vapour in the atmosphere (which is the engine of convection), the radar data provide 
information on the existence of different types of precipitation processes, and the lightning data 
denote the existence of extreme precipitation events. 

3.1.2 Meteorological data 

Milano Malpensa airport 

The meteorological data of interest are pressure, temperature, relative humidity, precipitation, wind 
speed and wind direction. They are provided by the regional agencies for environmental protection of 
Piemonte and Lombardia with a temporal resolution of 10 minutes (Table 1). Not all the sensors of the 
same location are exactly collocated and some data were corrupted, so we needed to merge the data 
of different stations considering similar environmental/climatological conditions and same height 
above mean sea level. For these reasons, we set a maximum distance between the stations not larger 
than 20 km and we converted the pressure and temperature according to the height. For example, the 
closest wind sensor to Novara is in Cameri (5 km from Novara) and the closest pressure sensor is in 
Arconate (20 km from Novara and 15 km from Cameri). The pressure data from Arconate (elevation 
182 m) is adjusted to the elevation of Novara station (151 m) by using the barometric formula as in 
Berberan-Santos et al. (1997). All the outliers of each parameter were removed. 

Brussels Zaventem airport 

The meteorological variables of interest are pressure, temperature, relative humidity, precipitation, 
wind speed and wind direction and are provided by the Royal Meteorological Institute of Belgium. 
Temporal resolution of the data is 10 minutes (Table 2). All meteorological parameters are provided in 
relation to each weather station, therefore there is no need in this case to combine information from 
sensors of different stations as we did for MXP. The data availability of each variable of each weather 
station is checked and eventually we consider as valid only the weather stations where each variable 
has a maximum data gap of 25%, all the rest where even one variable has a larger data gap, are filtered 
out. 

3.1.3 GNSS data 

Milano Malpensa airport 

We use the Zenith Total Delay (ZTD) time series provided by GReD srl [2] with temporal resolution of 
30 seconds. We average the data with 10-minute sampling to make them consistent with the 
meteorological data temporal resolution and we remove all the outliers.  
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Brussels Zaventem airport 

We use the Zenith Total Delay (ZTD) and the North-South and Est-West components of its horizontal 
gradients as provided by the Royal Observatory of Belgium. Temporal resolution is 5 minutes and in 
order to make it consistent with that of the meteorological data we average GNSS related data with 
10-minute sampling. 

3.1.4 Radar data 

Milano Malpensa airport 

The output of the Thunderstorms Radar Tracking (TRT) algorithm [3] is used in this study. The TRT uses 
a threshold of 36 dBZ to select the convection and separates each single storm and cell from nearby 
storms using the Max Echo product. The data are reported every 5 minutes in terms of coordinates, 
area, velocity, average and maximum reflectivity of the convective cell. To make this data consistent 
with the other datasets, we resample the radar data with a 10-minute sampling. The measurement 
corresponding to a convective cell, is assigned to a station if the convective cell is collocated with the 
station itself. To achieve the 10-minute sampling from the initial 5-minute, the maximum value of the 
respective variable of interest is picked.  

Brussels Zaventem airport 

Radar data are images reporting the reflectivity over Belgium and are provided by the Royal 
Meteorological Institute of Belgium. A selection technique is applied to connect radar data to each 
weather station, considering that each station is the centre of a circle with radius of 10 km. Each 
weather station is connected to a set of radar features that are included in the respective circular area. 
Original reflectivity data are provided as 1-byte unsigned char and after they are transformed in dBZ 
units, each weather station is finally assigned to a single reflectivity value by selecting the maximum 
value out of all related to its circular area. The data have a temporal resolution of 5 minutes and we 
resampled the data with a 10-minute sampling by selecting the maximum value within this time period. 

3.1.5 Lightning data 

Milano Malpensa airport 

The lightning data are provided by the Earth Networks Total Lightning Network (ENTLN) [4]. There are 
2 LF-VHF stations in the proximity of MXP and the available information is the time, location, number 
of lightnings, intensity, type of lightning and the average height of intra cloud lightning. The type of 
lightning based on the available information, can either be intra cloud (lightning that happens 
completely inside the cloud) or cloud to ground (lightning that occurs between the cloud and the 
ground). 

Brussels Zaventem airport 

The lightning data are provided by the Royal Meteorological Institute of Belgium. The reported 
information is the time, location, number and type (cloud to cloud or cloud to ground) of lightnings. In 
a similar way to radar data, a circular area of 10 km around each weather station is considered. 
Lightning data are resampled in a 10-minute sampling rate and, at each time step, each weather station 
is connected to the sum of the lightnings that occurs within its circular area. 
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3.1.6 Rapid Development Thunderstorm 

The EUMETSAT Rapid Development Thunderstorm (RTD) Overshooting Top (OT) product is used in this 
study. The OT is detected computing the brightness temperature difference between 2 satellite 
channels (one water vapour and one infrared) in the same pixels in pre-selected areas interested by 
convection, smaller the difference higher the cloud top. This product is used as background to develop 
the algorithm to nowcast the overshooting. 

3.1.7 Data availability 

Milano Malpensa airport 

We have weather sensors in 14 different locations and GNSS ZTD from 8 stations, as shown in Figure 4 
and detailed in Table 1. The radar covers the whole area of interest so we consider the reflectivity of 
the pixels collocated with the weather station, while the lightning dataset is only available around the 
station of Novara. Figure 4 shows the distribution of the weather stations and the GNSS receivers 
around the MXP. Table 1 reports in the first column the type of sensor, second and third columns the 
coordinates of the sensor, fourth column the elevation of the sensor, fifth column the name of the 
station and last column the availability period of the corresponding dataset. 

 

Figure 4: Availability of weather stations, GNSS receivers and lightning detection around MXP. 
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Data Lat Lon Elevation (m) Location Period 

Weather 
station 45.19 9.16 77  Pavia 20.06.2014-31.12.2018 

GNSS receiver 45.20 9.13 144 Pavia 01.01.2010-30.12.2020 

GNSS receiver 45.84 9.39 274 Molteno 01.01.2010-30.12.2020 
Weather 
station 45.59 8.74 204 

Lonate 
Pozzolo 01.01.2010-18.06.2018 

Weather 
station 45.81 9.06 201 Como 01.01.2010-31.12.2020 

GNSS receiver 45.80 9.09 292 Como 01.01.2010-31.12.2020 

Weather 
station 45.68 8.80 274 Cavaria 09.04.2013-31.12.2020 
Weather 
station 45.61 8.85 222 

Busto 
Arsizio 01.01.2010-10.12.2018 

Weather 
station 45.83 8.80 425 Varese 01.01.2010-10.12.2018 

Weather 
station 45.47 9.22 122 Milano 01.01.2010-31.12.2020 

GNSS receiver 45.48 9.22 187 Milano 01.01.2010-30.12.2020 

Weather 
station 45.66 9.65 211 Bergamo 01.01.2010-31.12.2020 

GNSS receiver 45.68 9.61 298 Bergamo 16.10.2010-30.12.2020 

Weather 
station 46.07 8.76 1302 Luino 19.07.2013-30.12.2020 

Weather 
station 45.55 8.25 243 Biella 01.01.2010-31.12.2020 

GNSS receiver 45.56 8.04 494 Biella 01.01.2011-30.12.2020 

Weather 
station 45.96 8.53 302 Verbania 01.01.2010-31.12.2020 

Weather 
station 45.88 8.45 1502 Gozzano 01.01.2010-31.12.2020 

GNSS receiver 45.74 8.43 417 Gozzano 01.01.2011-31.12.2020 

Weather 
station 45.44 8.63 151 Novara 01.01.2010-31.12.2020 

GNSS receiver 45.44 8.61 219 Novara 01.01.2011-30.12.2020 

Lightning    Novara 01-01.2015-31.12.2019 

Table 1: Data availability in MXP – data type (column 1), sensor latitude (column 2), sensor longitude 
(column 3), sensor height (column 4), station location (column 5), period of availability (column 6). 

The radar data over the whole area of interest are available in the period between 01/01/2010-

31/12/2019 and the OT data in the period between 01/01/2018-31/12/2019. 

Brussels Zaventem airport 

We have weather sensors in 32 different locations and GNSS ZTD from 27 stations, as shown in Figure 
5 and detailed in Table 2 and Table 3. However, not all the WS data are used in this study. WS with at 
least one parameter with data gap larger than 25% were filtered out. Eventually, out of 31 WS, 21 are 
the ones that are selected and used. Moreover, we used just the GNSS receivers collocated with the 
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available WS so 11 GNSS stations were selected. The radar and lightning datasets cover the whole area 
of interest so we consider the reflectivity and lightning info of the coordinates corresponding to the 
WS. Figure 5 shows the distribution of the WS and the GNSS receivers around the Brussels Zaventem 
airport (BRU). Table 2 reports in the first column the type of sensor, second and third columns the 
coordinates of the sensor, fourth column the elevation of the sensor, fifth column the name of the 
station and last column the availability period of the corresponding dataset. 

 

Figure 5: Availability of weather stations and GNSS receivers around BRU. 

Data Lat Lon Elevation Location Period 

Weather station 50.90 3.12 23 BEITEM 01/01/2010-31/12/2020 

Weather station 50.98 3.81 13 MELLE 01/01/2010-31/12/2020 

Weather station 51.07 4.52 10 
SINT-KATELIJNE-
WAVER 01/01/2010-31/12/2020 

Weather station 50.79 4.35 99 UCCLE 01/01/2010-31/12/2020 

Weather station 50.09 4.59 231 DOURBES 2010-01-01-2021-01-01 

Weather station 50.58 4.68 155 ERNAGE 01/01/2010-31/12/2020 

Weather station 51.22 5.02 19 RETIE 01/01/2010-31/12/2020 
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Weather station 50.19 5.25 294 HUMAIN 01/01/2010-31/12/2020 

Weather station 50.91 5.450278 37 DIEPENBEEK 01/01/2010-31/12/2020 

Weather station 49.62 5.58 322 BUZENOL 01/01/2010-31/12/2020 

Weather station 50.51 6.07 671 MONT RIGI 01/01/2010-31/12/2020 

Weather station 51.32 4.36 5 STABROEK 30/07/2012-31/12/2020 

Weather station 50.23 5.35 220,1 
MARCHE-EN-
FAMENNE 09/05/2017-31/12/2020 

Weather station 51.08 2.65 6,1 KOKSIJDE 16/05/2017-31/12/2020 

Weather station 50.94 3.66 35,5 SEMMERZAKE 18/05/2017-31/12/2020 

Weather station 50.74 4.76 112,8 BEAUVECHAIN 18/05/2017-31/12/2020 

Weather station 50.99 5.06 52,2 SCHAFFEN 18/05/2017-31/12/2020 

Weather station 51.16 5.46 61 KLEINE-BROGEL 18/05/2017-31/12/2020 

Weather station 50.48 6.18 565,1 ELSENBORN 18/05/2017-31/12/2020 

Weather station 50.50 3.98 77 CASTEAU 18/05/2017-31/12/2020 

Weather station 50.23 4.65 285 FLORENNES 22/05/2017-31/12/2020 

Table 2: Data availability in BRU – data type (column 1), sensor latitude (column 2), sensor longitude 
(column 3), sensor height (column 4), station location (column 5), period of availability (column 6). 

Weather Station GNSS Station GNSS Lat GNSS Lon GNSS Elevation 

MELLE ERPE 50,92 3,96 81,75 

SINT-KATELIJNE-WAVER MECH 51.00 4.47 68.22 

UCCLE BRUX 50.79 4.35 158.13 

ERNAGE OLLN 50.67 4.62 189.20 

RETIE MOL1 51.18 5.11 83.55 

STABROEK ANTW 51.20 4.44 64.20 

SEMMERZAKE GENT 51.00 3.70 60.11 

BEAUVECHAIN HOEG 50.77 4.90 97.60 

SCHAFFEN DIES 50.98 5.04 94.95 

CASTEAU OSTI 50.67 3.80 90.30 

FLORENNES CHLR 50.40 4.44 164.70 

Table 3: Weather and GNSS station coupling in BRU – weather station location (column 1), GNSS 
station code name (column 2), GNSS station latitude (column 3), GNSS station longitude (column 4), 

GNSS station height (column 5). 

The GNSS receivers’ data are available in the period 01/01/2018 - 31/12/2020, the radar reflectivity 

data over the whole area of interest are available between 01/01/2010 - 22/09/2015, the lightning in 

the period 01/01/2010 - 31/12/2020 and the OT data in the period between 01/01/2018-31/12/2019. 

3.2 Definition of extremes 

The occurrence of an extreme weather event can be defined whether its intensity exceeds a specified 
threshold or not. Such a threshold can be either connected to an absolute value or to a relative one 
such as a percentile value of a given dataset over a period of time. In the literature, there are different 
indices used to characterise the extremes [5-9]. In this study extreme precipitations or wind speeds 
are defined as events in which the accumulated rain or mean wind speed exceeds the 95th percentile 
with respect to the reference. We define as reference the dataset created by using 14 stations 
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(Bergamo, Busto Arsizio, Cavaria, Como, Luino, Milano, Molteno, Novara, Pavia, Lonate Pozzolo, 
Varese and Verbania) located within a radius of about 50 km from the MXP for a period of 11 years 
(2010-2020). Only events with accumulated rain or average wind speed values larger than 0, were 
accounted by extracting the percentile values of rainfall or wind speed. According to these rules, the 
threshold for extreme precipitation is set to 1.6 mm of accumulated rain in 10 minutes 
(corresponding to a rain rate of 9.6 mm/h) and the threshold for the average wind speed is set to 
5.7 m/s. The goodness of the rain threshold computed in the MXP area is confirmed by the 
International Civil Aviation Organization (ICAO) draft Document 9837 - Manual on Automatic 
Observing Systems at Aerodromes (Chapter 6, 6.2.1.2) [10] and the World Meteorological Organization 
(WMO) No. 8 (Annex to Chapter 14) [11] reporting a threshold for heavy rain equal to 10 mm/h which 
is very similar to our threshold of 9.6 mm/h. Regarding the wind speed, the threshold to be considered 
relevant for extreme events never reached an agreement. According to NOAA records, localised 
extreme events thresholds for wind speed have been set to 30 mph (~13.4 m/s or ~ 26 knots) [12]. 
According to the Canadian Avalanche Association (CAA 1995) strong wind speed has an intensity higher 
than 11.11 m/s [13]. WMO Volume 1 reports as reference the Beaufort scale setting the threshold of 
strong winds causing large branches or trees in motion to 10.8 m/s.  

Based on all the above, we can conclude: 

- the limit of 9.6 mm/h for extreme rain computed for MXP coincides quite well with the ones 
reported in literature; 

- The limit of 5.7 m/s (~ 11.1 knots) for extreme wind computed for Malpensa is low compared 
to the literature and the threshold must be set at least to 10 m/s (~19.4 knots). 

. 
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4 Algorithms development 

4.1 Nowcasting methods 

4.1.1 Data preparation and definition 

Independent variables in our experiment are:  

a) Meteorological information from several weather stations located in the geographical area of 

the target sector of interest: wind speed, wind direction, temperature, relative humidity, 

pressure and rain. 

b) GNSS ZTD calculated using information from several GNSS stations in the same area as the 

meteorological stations. It has been assessed in previous work that upon the development of 

convective cells, atmospheric change can be detected using the signal delay as perceived by the 

relevant stations. In order to estimate this effect over a certain geographical location, signals for 

several satellites are considered according to the satellite position, and aggregated into this value. 

c) Position, type and intensity of lightning observed in the area close to the airport. Each measured 

lightning is attributed to an exact geographical location. In order to use this data in a discrete 

model, this data is aggregated spatially using two different criteria (see below). 

d) Radar reflectivity resampled every 10 minutes in terms of coordinates, area, velocity, average 

and maximum reflectivity of the convective cell. To incorporate this type of information together 

with the one from the other data sources. 

As dependent variable for our experiment we use different parameters: 

- the occurrence of lightning as an indicator of development of a convective cell. For 

our purpose we shall consider a “severe weather period” any period of time where 

this number exceeds a certain threshold; 

- the wind speed samples; 

- the accumulated rain samples; 

- the wind speed samples for which the “extreme” threshold is overpassed; 

- the accumulated rain overpassing the “extreme” threshold. 

For any Machine Learning (ML) applications, the data used is split into 2 or 3 sets named as training 

validation and test sets. Each set has a certain role for the ML application for example the training or 

simply train set is used to train the model, the validation set is used for evaluating the model and to 

choose the hyperparameters that optimise the model performance. At the end of the training, a plot 

named model history plot is visualised and it shows the computed error evolution at each training 

epoch. Two error curves corresponding to the training and validation errors are used to assess how 

well the training is and if there is overfitting/underfitting problems. The test set is finally used with 

optimal parameters to generalise how well the model performs on new unseen data. 
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4.1.2 Algorithm selection 

The concept of ANNs was first introduced by McCulloch and Pitts [14] as a computational model for 
biological neural networks. Such architectures provide a methodology for solving many types of non-
linear problems that are difficult to be solved by traditional techniques. Most meteorological processes 
often exhibit temporal and spatial variability, with non-linear relationship between the different 
parameters. The ANNs have the capability to extract the existing relationship between the inputs and 
outputs of a process, without the physics being explicitly provided and that’s why these algorithms are 
called data-driven models and are well suited for nowcasting tasks. A single-layered ANN, with a single 
output, is known as the perceptron. Multi-Layer Perceptrons (MLPs) are the most commonly used 
architecture for ANN. Composition of MLPs contains layers of neurons with an input layer, an output 
layer, and the hidden layer (at least one). The layers of the ANN are interlinked with each other by 
developing a multi-layered architecture, and this makes the model essentially complex for the ANN 
processing. Details about the ANN are reported in Appendix A1. 

The LSTM is a special kind of Recurrent Neural Networks (RNN) that is capable of learning the long-
term temporal dependencies in sequential data more accurately than conventional RNNs and is 
powerful for modelling long-range dependencies [15]. A basic LSTM network of two-layered LSTM with 
fully connected hidden layers of 100 neurons already showed good performances in a Sequence to 
Sequence Weather forecasting [16]. The LSTM networks are usually used as the baseline for weather 
long and short-term forecasting applications [17] getting incremental results such as the stacked 
LSTMs for temporal forecasting and the spatio-temporal stacked LSTMs [18]. More details about the 
LSTM are reported in Appendix A2.  

A simple baseline LSTM network is sufficient to make single predictions based on the state of the 
atmosphere leading up to that time (i.e. 1 lead time step), however, our goal is nowcasting multiple 
lead time steps into the future and providing predictions of the target features 1 hour ahead with a 
time sampling of 10 minutes. We can accomplish this objective using dense LSTM networks at the 
expense of reduced model performance. We want a neural network architecture that can readily 
provide accurate predictions arbitrarily far into the future. We can relate such a technique to a vector-
based sequence to sequence learning problem and implement an Encoder/Decoder (E/D) structure 
with more than one RNN/LSTM cell (Figure 6). The E/D RNN/LSTM-based architecture [19-20] has 
become popular after its success in displacing classical phrase-based statistical machine translation 
systems for state-of-the-art results.  

In machine translation, the key idea is to encode the source sentence as a fixed-length vector and then 
use the decoder to generate a translation. In our work, we use the LSTM E/D approach for time series 
prediction instead of word translation. Deep stacked LSTMs can be applied to time series data as a 
sequence to sequence based encoder-decoder model. This takes a sequence of features as input (input 
sequence of n time steps), and outputs a target sequence (output sequence of multiple m time steps) 
as a continuation to the input target sequence. The dimensions n and m are not always equal, in our 
case we have previous information the past 2 hours (n=12) and we predict 1 hour in the future (m=6) 
as shown in Figure 1. The model for every recurrent node follows a standard LSTM structure with the 
gates to control the states of the memory cell. The additional tasks which compose the E/D structure 
are: the Repeat Vector layer, that repeats the final output vector from the encoding layer as a constant 
input to each timestep of the decoder, and the time Distributed Dense layer, which applies the same 
Dense (fully-connected) operation to every timestep of a 3D tensor. 
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Figure 6: Encoder-Decoder LSTM-based model diagram. 

4.1.3 Lightning nowcasting 

For this task, after data preparation, we attribute each data record to a data period of time 

homogeneously distributed in fixed intervals (in the order of minutes). The specific values are selected 

after preliminary examination of the data obtaining the exact location of each flash of lightning 

observed. However, those observations are aggregated over a certain number of sectors close to an 

airport located in the geographical area of interest.  This aggregation is performed in the following 

ways: first, we generate a homogeneous fine grid where each cell corresponds to a size of 0.01 degrees 

of both longitude and latitude. Once this grid is available, we generate two different series of data to 

be used as dependent variables (target series). The first target series (T1) sums all lightning over the 

airport area for each of the 10-minute timeslots. The second data series (T2) performs a similar 

aggregation over irregular polygons that are meaningful to the airport traffic activity: those polygons 

will be generated using the TMA information relevant to the facility. 

During the model construction, different model architectures are required (Table 4) depending on 

whether T1 or T2 is used: M1 is a single-output model, and M2 a multiple output model with one 

output per sector. We have defined two different types of experiment that will be performed at a 

single location. 
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Exp. Area Lead times 
(min) 

Features Target Type of model 

1 MXP/BRU 60 F1: Selected 
meteorological 
features + GNSS 
stations + Lightning 

T1: Lightning (full area), 
number greater than 
threshold 

M1: Single output Binary 
LSTM Deep Learning 
Classifier 

2 MXP/BRU 60  T2: Lightning distributed 
in sectors, number 
greater than threshold 

M2: Multiple output 
Binary LSTM Deep 
Learning Classifier 

Table 4: model architectures (M1, M2) according to the target datasets (T1, T2). 

Objective of these experiments is threefold: 

- To select an adequate feature set considering availability of data for all the 

considered periods; 

- To decide a suitable network architecture for model construction. Related to this 

task, we shall perform parameter optimization for each architecture; 

- To set a suitable threshold for detection. Several thresholds may be selected, 

therefore allowing to decide different levels of risk. This selection can be done using 

a joint plot of all the measures of performance. 

For each test a set of experiments (Table 5) are executed and statistical tests are performed on 

validation data to assess statistical relevance of the results both with significance of 1% and 5%. The 

second set of tests are performed using the best (or most promising) model architecture and 

parameters selected during the preliminary phase. 

Experiment Area Lead times (min) Target Type of model 

3.11 MXP 30-120 T1: Lightning (full area), number 
greater than threshold 

M1 

3.12 MXP 30-120 T2: Lightning distributed in 
sectors, number greater than 
threshold 

M2 

4.11 BRU 60 T1 M1 

4.12 BRU 60 T2 M2 

Table 5: Experiments for lightning prediction for each airport with the 2 different models (M1, M2). 

4.1.4 Rain and wind nowcasting 

We use data from WS, GNSS receivers, radar and lightning sensors with the highest station density 

available. All the data are aggregated with the same temporal resolution of 10 minutes. We define the 

extreme precipitations and wind speeds as events in which the accumulated rain or mean wind speed 

exceeds the thresholds defined in section 3.2 with respect to the reference area/period.  
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Local/Single station LSTM model  

To understand the complex dynamics of convective cells in the atmosphere, temporal relationships 

must be considered to detect when we have heavy rainfalls, which is one of the meteorological 

conditions characterizing the convection. Forecasting a feature variable for multiple time steps in the 

future using typical neural networks is crucial to capture temporal dependencies, thus the RNNs are 

usually used for this purpose due to their adaptive nature with time-series data. Predictive models 

have recently been replaced by RNN-based approaches [21]. The advent of deep learning techniques 

on feature representations and prediction tasks [22], increased the model performance.  The ability to 

consider not only the initial atmospheric state prior to the prediction (single past value), but also the 

sequence of those events leading to the actual state should provide more predictive power. In our 

framework, we are interested to nowcast rain and wind speed as target features related to convection 

development. For a target feature like the rain that is hard to be predicted, a well built and tested 

forecasting algorithm must be provided with careful attention to the pre-processing and post-

processing steps corresponding to the prediction task. To accomplish this goal, we investigate, 

evaluate and compare three neural network-based algorithms: shallow and deep ANN as baseline 

forecasting model, Long Short-Term Memory (LSTM), and Encoder-Decoder LSTM-based model (E/D 

LSTM). The nowcasting algorithm is based on the Long Short-Term Memory (LSTM) Encoder/Decoder 

approach. Deep stacked LSTMs can be applied to time series data taking a sequence of features as 

input (input sequence of n time steps), and outputs a target sequence (output sequence of multiple m 

time steps) as a continuation to the input target sequence. These variables n and m are not always 

equal as in our case where we have previous information the past 2 hours (12 past time steps input) 

and we predict 1 hour in the future (6 lead time steps output). The model for every recurrent node 

follows a standard LSTM structure with the gates to control the states of the memory cell. The 

additional tasks are: the Repeat Vector layer, that repeats the final output vector from the encoding 

layer as a constant input to each timestep of the decoder, and the time Distributed Dense layer, which 

applies the same Dense (fully-connected) operation to every timestep of a 3D tensor. The output of 

the LSTM provides wind speed values consistent with the observations, but the rain values are 

largely underestimated. To solve this problem, the nowcasted data are split in groups based on their 

percentiles magnitude with separation step of 5% from 0 to 95 and 2% from 95 to 100 in order to catch 

the biggest possible level of detail for the rarest events. As a next step, a linear regression is 

implemented between the nowcasted and the difference between the observed and nowcasted data 

(error) and the slope and intercept are used to retrieve the corrected value in each group. 

 

The experiments are performed with 4 different configurations:  

- the version 1 (v1) configuration includes the WS data and the GNSS data;  

- the version 2 (v2) configuration includes the WS, the GNSS and the lightning data (LIGH); 

- the version 3 (v3) configuration includes the WS, the GNSS and the radar data (RADAR); 

- the version 4 (v4) configuration includes the WS, the GNSS the RADAR data and the LIGH. 
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Figure 7: Structure of the multi-station stacked LSTM model. 

 
Multi-station stacked LSTM-based model 
In the field of weather forecasting, it’s often necessary to consider the impact of both temporal and 
spatial characteristics. Our objective is to nowcast extreme events at a local point such as a station 
located in an acceptable range near the airport. Provided the longitude and latitude information, we 
create a polygon of nowcasts for a number of stations around the airport and compare the accuracy 
of forecasts to how it varies from station to another. With the multi-station model we can include 
stations as inputs even if some of its features are not available for example, for single station model 
we can only study outcomes from Novara and see impact of lightning as it’s available around the area 
which is not the case for other stations. With a multi-station model it’s possible to have all stations 
including Novara with lightning features. 
 
With one model we can have parallel inputs and parallel outputs at the same time and we can do the 

training and the tuning procedure once, and the evaluating and prediction as well. It’s difficult to deal 

with single station model when the available stations are a lot. Therefore, we developed a model that 

achieves two purposes: 1) sequence to sequence prediction (up to 60 minutes), 2) learn information 

from each location using independent LSTM models and make predictions respectively for each station 

as shown in Figure 7. 
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4.2 Nowcasting performance assessment 

Aviation Meteorology is internationally regulated. Services are standardised and harmonised by the 
International Civil Aviation Organization (ICAO). Core Standards and recommended practices for 
meteorological services are described in Annex 3 [10]. A Terminal Aerodrome Forecast (TAF) is a 
concise statement of the expected meteorological conditions at an airport during a specified period 
(usually 24 hours) [23]. TAFs are widely accepted in aviation forecast and are used for airport and flight 
planning procedures at all major airports [24]. However, each country has its own TAF requirements. 
To our knowledge, there is no universal consensus on TAF verification methodology.  Even if, effort has 
been made to provide a uniform verification software [25], the TAFs usually differ from country to 
country or service to service [26-28]. Also, verification results can differ with respect to the type of 
group that is interested in assessing them, like management, forecast users or forecast developer 
groups [29]. Developers and forecasters are able for example, to improve their forecasts and learn 
more about strengths and weaknesses from contingency tables [29-31]. Management can track the 
development of forecast quality over the years by looking at carefully selected performance indicators 
[29]. Figure 8 shows some verification measures used in Austro Control [31]. On top of that, Gerrity 
score or Gerrity skill score is another measure used in TAF verification [32]. In Croatia and Germany, 
the combined metric Peirce’s Skill Score (PSS) and Heidke Skill Score (HSS) is used to verify weather 
forecasts [33-34]. Hit rate (for Cumulonimbus plots), and root mean square error (Temperature and 
Wind plots) are some verification indicators produced by the UK Met Office for the World Area 
Forecast Centre (WAFC) London [35]. 

All the above mentioned are Key Performance Indicators (KPIs) and are in principle calculated based 
on contingency tables an example of which is shown in Figure 9 [31]. KPIs can be used in different 
ways. They can be represented in graphical way with respect to lead times or by checking their 
evolution over the years. They can be represented in tables related to a specific time period and be 
compared to the minimum accepted value for the respective KPI so that a forecast is considered 
successful. 

 

Figure 8: Some TAF verification metrics taken in account by Austro Control. 
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Figure 9: Contingency table [31]. 

 

The above-mentioned contingency tables are basically tables that summarise the relationship between 
categorical variables. In the weather forecast case, the relationship between the occurrence or non-
occurrence of an event in the observed or forecasting dataset is examined. Such tables can be used 
under different configurations referred for example to rain or wind thresholds reported in the ICAO 
ANNEX 3 providing some guidance on the operationally desirable accuracy of forecasts [36]. In our 
study, to assess the performance of the nowcasting algorithm, we use 3 assessment indicators, 
Probability of Detection (POD), False Alarm Rate (FAR) and Critical Success Index (CSI). They are 
commonly used in relevant literature [37-39]. These metrics are used to assess the occurrence or not 
of wind speed/rain events (events with values larger than zero) or wind speed/rain extreme events 
(events with values larger than the specified extreme threshold). They are categorical statistics with 
values in the range 0-1, but we prefer to report them in percentage (therefore multiplied by a factor 
of 100). Given the True Positive (TP) as the number of observed events that were successfully 
nowcasted, the False Positive (FP) as the number of non-observed events that were nowcasted by the 
algorithm and the False Negative (FN) as the number of observed events that were not predicted, we 
can define the following metrics: 

− The POD is the percentage of observed events that were successfully nowcasted. Therefore, 
the closer the value is to 100, the better it is. 
 

     𝑃𝑂𝐷 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 ∙ 100    (8) 

 

− The FAR is the percentage of nowcasted events which did not happen in reality. The closer 
this value is to 0, the better it is. 
 

     𝐹𝐴𝑅 =  
𝐹𝑃

𝑇𝑃+𝐹𝑃
 ∙ 100    (9) 

 

− The CSI is the percentage of correctly predicted events to the total number of positive events 
nowcasted or needed. The best score for this metric is 100 and the worst is 0. 
 

     𝐶𝑆𝐼 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃+𝐹𝑁
 ∙ 100   (10) 

 

Given the availability of data from several years, our results will be tested over different types of 
episodes throughout the year (including different seasons), and also in different locations (MXP and 
BRU). The following are some assumptions that may impact the validity of our experiments, or limit 
their application to other periods of time or locations: 
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A1. Different sources are providing homogeneous data with an exact time correspondence (that 

is, time scales for all sources are equivalent or can be made equivalent) 

A2. Different sources use the same approaches to data transformations. That is, all processing of 

data is performed in similar ways, attributing data to the same time period and space location 

when applicable 

A3. Accuracy of the target function, when considered over a geographical area, is homogeneous 

for the whole area, independent of the sensor used to collect that data. 

A4. There is no significant model drift to be considered between data used for training and for 

testing.  

However, the aforementioned effects are not expected to be critical due to the following mitigation 

factors: 

M1. Regarding A1 and A2, the dense network of sensors presents a degree of redundancy that 

mitigates possible uncertainties in measures. We are able to attribute values to missing 

attributes in data, and to detect outliers from our dataset using the information on the 

surrounding areas. Measurement from spatially-close sources should be similar and noisy 

inputs can be corrected using this information. 

M2. Regarding A1 and A2, generated models based on Deep Learning are able to cope with inexact 

data due to the high degree of connectivity between all inputs. All inputs are considered during 

the model training process, and therefore the model will be able to adjust to any specific bias 

in data, especially if that bias does not introduce extremely noisy inputs. Also model training 

will learn to ignore unusable or uncorrelated input data. 

M3. Regarding A3, inaccuracies on the exact location on convective cells will be mitigated because 

we are aggregating the result over coarse areas. That is, severe weather will be diagnosed if it 

occurs over a certain region of interest inside the target area. An incorrect location in the 

objective (target) function will only mean that the event occurs in an adjacent area in some 

specific frontier cases. This is especially true when the target function is based on the 

aggregate value for lightnings observed, as will be described later.  In general, when a 

convective cell is developing on the border of an area, will very likely affect the adjacent area 

either simultaneously or very closely in time. 

M4. Regarding A4, in some scenarios the possibility of concept drift, that is, progressive 
inadequacy of models over time has to be accounted for. However, in our case, data used as 
input is physically related to the conditions that enable the development of the convective cell, 
such as pressure, humidity, and GNSS signal delay. It is not expected that this type of model 
may be rendered unusable in this timespan due to intrinsic causes. We must consider one 
factor that may impact performance of the trained models in an operational environment in 
the future. The identified factor is that data introduced in the model might change due to 
changes in the sensor grid. The station data may be unavailable in the future, or locations of 
data sources may change. Any such changes may impact to some extent the performance of 
our models. However, the models can be retrained taking into consideration these changes to 
ensure their adequacy. 
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4.3 Experiments for rain and wind speed 

4.3.1 Model preparation 

In this work, we have a multivariate driving series (13 weather features) from different sources: 6 
features for weather stations (rain, relative humidity, pressure, temperature, wind speed and wind 
direction), 1 feature for GNSS (ZTD), 4 features for Lightning (number of lightnings, Cloud-to-cloud, 
Cloud-to-ground, Intra-average-height), and 2 features for radar (average and maximum dBZ). As 
explained previously, all the features are sampled at a 10-minute rate. Since we aim to study the 
impact of each type of data source as well as the significance of the availability of datasets on the 
prediction of extreme rains and extreme winds, the priority is given to the temporal information of the 
data with two changing factors: input configuration (i.e. what input features are fed to the model) and 
the time slot of available data. Google Colab and Jupyter Notebooks were selected as platforms for 
building and managing the datasets before and during the training.  

A number of pre-processing steps are done on the raw data: 
 

- Filling the missing feature values per data source. The time series of each feature is relatively 
long (availability between 4 years and 3 months, and 9 years) with some short temporal gaps. 
For our purposes we decided to fill the lightning feature by adding zeros at the time steps in 
which the lightnings are not present and we use straight-forward interpolation or machine 
learning regression methods to fill the gaps of weather parameters, radar and GNSS. Among 
the tested methods, the Stochastic Random Regression (SRR) [40] has shown to provide more 
consistent values than the linear/average interpolation.  The SRR relies on the use of the 
function “random imputation” which replaces missing values with some random observed 
values of the variable and it is repeated iteratively for all the variables containing missing 
values. In this way, they can serve as parameters in the linear regression model in order to 
estimate other variable values. 

- Wind speed and direction (available in degrees) features were reformulated into a wind vector 
of x and y components because the distribution of wind vectors is simpler for the model to be 
correctly interpreted. With the wind speed and wind direction, we can obtain the component 
vector winds, u and v, as follows: 
 

  u = ws * cos(θ)   (11) 
  v = ws * sin(θ)   (12) 
 
  where ws represents the wind speed information and θ is the wind direction in radians. 
 

- The time information is also an additional feature (beside other weather parameters) to 
improve the performance of the algorithm so we generate time signals (day sin, day cos, year 
sin, year cos), deriving a sine transform and cosine transform of the date-time, adding 4 new 
features to the dataset. 

Moreover, it’s a necessary condition to have a static relationship between the input and the output 
with constant parameters such as mean, median, and variance to run the models. In other words, our 
algorithms perform best when the inputs and outputs are stationary. Thus, we devote some time to 
study the stationarity for each feature set using the commonly used Dickey-Fuller and Kwiatkowski-
Phillips-Schmidt-Shin (KPSS) statistical tests [41] which yield that rain, Day sin and Day cosine are 
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stationary, but the rest of the inputs are non-stationary, and shall be transformed in order to remove 
trends and seasonality. For the non-stationary features, we use the differences between the original 
features minus those lagged by a specified period, the differences are then used for training the 
algorithm as: 

difference(t) = observation(t) - observation(t-T)    (13) 

where T = 1 lag period. The stationary features are instead unchanged. 

When the time series of features are pre-processed and prepared, we need to transform them into a 
format correctly interpreted by the model. The transformation process consists in 3 stages: 
 

1. Data split. The chosen weather data is divided into three selected datasets corresponding to 
the train, validation and test sets (respectively 70%, 20%, 10%). 

2. Scaling. All the data are rescaled to values between 0 and 1 using Min-Max normalization 
defined as: 
 

𝑥𝑛𝑜𝑟𝑚  =  
𝑥 − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) − 𝑚𝑖𝑛(𝑥)
      (14) 

 
 where x is the feature variable to rescale. The normalization is performed on each feature 
 separately. 

3. Supervised problem. The time series are transformed into a supervised learning problem. 
Specifically, the organization of data into input (X) and output (Y) patterns where the input 
observation at the previous time steps is used as an input to forecast the target observation 
at the future time steps. This is achieved using a window generator [42] capable of: 

- Generating windows with input and target features from the time series data, 
specifying the targets we want to predict; 

- Splitting windows into pairs, input feature windows and target feature windows; 
- Creating batches of window pairs for each of test, train, and validation datasets; 
- Creating the input feature vector with input width of 12 time-steps (lag observations); 
- Defining the targets to be predicted as the rain, the x and y wind components of the 

generated wind vector with target width of 6 time-steps in the future; 
- Shifting the parameter by 6 time-steps. 

 
The technical details of the model preparation are reported in Appendix A3.  
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4.3.2 Model training evaluation 

We trained all the models, MLP network as a forecasting baseline, baseline LSTM, and E/D LSTM 
architectures. As a loss function we use the Mean-Square Error (MSE), and as evaluation metrics we 
use MSE, Mean Absolute Percentage Error (MAPE), and Mean Absolute Error (MAE), to compare the 
accuracy level and the performance of each model architecture trained: 
 

𝑀𝑆𝐸 =
1

𝑁
𝛴𝑖=1

𝑁 (𝑦𝑖 − �̂�𝑖)2   (15) 

𝑀𝐴𝑃𝐸 =  
100%

𝑁
𝛴𝑖=1

𝑁 |
𝑦𝑖−�̂�𝑖

𝑦𝑖
|    (16) 

MAE = 
1

𝑁
𝛴𝑖=1

𝑁 |𝑦𝑖 − �̂�𝑖|     (17) 

 
where N is the number of samples, 𝑦𝑖 is the ith true observation, and �̂�𝑖 is the ith predicted observation. 
In order to choose the best parameter setting with the lowest validation error, we use the early 
stopping technique which allows us to select the model associated with the parameter setting with 
minimum validation error [43]. The evaluation is performed in both the training and validation 
datasets. The comparison of the models is based on the training and validation dataset of all the 
features (weather station parameters, GNSS ZTD, radar dBZ and lightning parameters). To compare 
the experiments, we use the Root-Mean-Square Error (RMSE) as metric, which is defined as: 𝑅𝑀𝑆𝐸 =

 √𝑀𝑆𝐸. 

The optimization of the E/D LSTM algorithm is done on the training and validation datasets, where 10% 
of training data serves as a validation set and the validation dataset is used for each hyperparameter 
in order to choose the optimal value. The test dataset is used as new data to evaluate the optimal 
configuration and generalise the model configuration [44]. A diagnostic approach is used to investigate 
the running performances by computing the RMSE over time (epochs) and assessing possible 
improvements. The other hyperparameters are investigated using a box and whisker plot of the 
computed error scores of the validation set on each target [45]. The tuning, using box plots, is a trade-
off of average performance and variability of that performance, with an ideal result having a low mean 
error with low variability, meaning that it is good and reproducible.   
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4.3.3 Model post-processing 

When the nowcast is obtained, the output is post-processed following the next steps: 
  

− Nowcasting using the differenced test data (Eq. 13); 

− The nowcasts are denormalised to return them into their original scale; 

− The difference values are inverted to the original test data. 
 

After these three steps, the wind speed values are consistent with the observations, however the 
rain values are largely underestimated because most of the rain values are zero or close to zero . 
Figure 12 shows the observed values (grey), the nowcasting (green) and the post-processing 
corrections (orange). It Is clear that the nowcasting has a trend similar to the observations, but there 
is a bias between the two, which depends on the intensity of the rain.  
 

 

Figure 10: Observed extreme rain (grey), the nowcast rain (green) and corrected nowcast (orange) at 
10 (top) and 60 (bottom) minutes and configuration v1. 
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The similarity on the trends decreases with the lead time step, higher at 10 minutes (correlation 0.95) 
and lower at 60 minutes (correlation 0.63). This issue is not new and there are several approaches 
towards eliminating it, including artificial neural networks, machine learning and statistical methods 
[46-52]. It is important to note that we are not interested in only correcting the nowcasting outcomes, 
but also to use the correction technique as a tool to correct the future predictions, therefore, we use 
the observed data only to make our algorithm learn and extract corrective parameters. The technique 
is applied to all the instances of common non-zero observed and nowcasted. The nowcasted data are 
split in groups based on their percentile’s magnitude [48, 50] with separation step of 5% from 0 to 95 
and 2% from 95 to 100 in order to catch the biggest possible level of detail for the rarest events. As a 
next step, a linear regression is implemented between the nowcasted and the difference between the 
observed and nowcasted data (error) and the slope and intercept are used to retrieve the corrected 
value in each group by using the equation:  
 
𝑛𝑐𝑖 =  𝑛𝑖 + 𝑛𝑖 ∙ 𝑠𝑖 +  𝑖𝑐𝑖     (18) 
 
where 𝑛𝑐 is the nowcasted corrected value, 𝑛 is the original nowcasted value, 𝑠 is the slope, 𝑖𝑐 the 
intercept and 𝑖 refers to the respective percentile group. 

4.3.4 Extreme rain and wind statistics 

According to the definition of extreme rain and wind reported in section 3.2, MXP is more prone to 
rain extremes than BRU, while the wind extremes are well distributed in the BRU area and very 
localised in MXP. In Tables 6 we report the percentage of wind extremes in each station around MXP, 
we can easily see that these cases are more frequent in the stations of Gozzano, Lecco and Luino and 
almost absent in Pavia, Milano, Novara and Curno. Table 7 reports the percentage of rain extremes in 
each station around MXP with a distribution quite homogeneous. Table 8 shows the percentage of 
wind extremes in each station around BRU, highlighting a better cases distribution than MXP but lower 
frequency of very strong (>10m/s) events. Finally, Table 9 reports the percentage of rain extremes 
around BRU with a much lower frequency than MXP. 

 5.7 m/s 10 m/s 

 Training Validation Test Training Validation Test 

Pavia 0.01 0.01 0.02 0.00 0.00 0.00 

Biella 1.05 1.05 1.17 0.05 0.05 0.06 

Milano 0.39 0.39 0.56 0.00 0.00 0.00 

Novara 0.46 0.46 0.37 0.00 0.00 0.00 

Verbania 2.38 2.38 2.79 0.13 0.13 0.11 

Gozzano 14.35 14.35 15.79 3.34 3.34 4.31 

Lecco 20.55 20.55 20.89 6.57 6.57 7.15 

Luino 19.55 19.55 16.94 4.96 4.96 4.41 

Como 3.30 3.30 2.56 0.37 0.37 0.42 

Curno 0.61 0.61 1.00 0.00 0.00 0.07 

Cavaria 2.86 2.86 3.57 0.11 0.11 0.19 

Table 6: Percentage of wind extremes in each station around MXP with the 2 definitions given in 
section 3.2 for the training, validation and test datasets. 
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 Training Validation Test 

Pavia 1.70 3.29 0.97 

Biella 3.88 4.18 2.42 

Milano 3.76 1.62 1.27 

Novara 3.74 4.42 2.56 

Verbania 5.67 4.13 7.66 

Gozzano 5.08 3.94 7.66 

Lecco 1.07 4.90 3.22 

Luino 2.96 2.38 2.64 

Como 5.89 3.98 2.22 

Curno 5.57 6.11 3.56 

Cavaria 4.24 4.38 3.22 

Table 7: Percentage of rain extremes in each station around MXP for the training, validation and test 
datasets. 

 5.7 m/s 10 m/s 

 Training Validation Test Training Validation Test 

SINT_KATELIJNE_WAVER_MECH 9.51 14.06 8.77 0.15 0.86 0.16 

CASTEAU_OSTI 5.17 8.21 7.69 0.04 0.25 0.13 

SCHAFFEN_DIES 13.94 17.01 14.82 0.31 1.58 0.65 

UCCLE_BRUX 13.66 15.26 20.81 0.39 1.19 0.82 

RETIE_MOL1 5.42 8.11 5.06 0.06 0.52 0.13 

STABROEK_ANTW_ATWR 22.87 24.36 30.89 2.21 3.74 2.65 

MELLE_ERPE 16.05 19.00 20.46 0.90 2.12 1.55 

FLORENNES_CHLR 26.59 28.72 32.92 2.22 3.58 2.19 

BEAUVECHAIN_HOEG 25.17 26.44 32.72 2.19 4.31 3.17 

SEMMERZAKE_GENT 17.32 19.96 25.16 0.78 2.17 2.07 

ERNAGE_OLLN 20.71 23.77 24.68 1.54 2.81 1.21 

Table 8: Percentage of wind extremes in each station around BRU with the 2 definitions given in 
section 3.2 for the training, validation and test datasets. 

 Training Validation Test 

SINT_KATELIJNE_WAVER_MECH 0.94 1.55 0.88 

CASTEAU_OSTI 0.17 0.45 0.93 

SCHAFFEN_DIES 0.31 1.34 0.08 

UCCLE_BRUX 1.43 1.55 0.74 

RETIE_MOL1 1.39 2.17 0.21 

STABROEK_ANTW_ATWR 1.33 2.42 0.85 

MELLE_ERPE 1.36 1.43 1.33 

FLORENNES_CHLR 0.31 0.93 1.53 

BEAUVECHAIN_HOEG 0.12 0.24 0.25 

SEMMERZAKE_GENT 0.33 0.35 0.56 

ERNAGE_OLLN 1.42 1.19 0.62 

Table 9: Percentage of rain extremes in each station around BRU for the training, validation and test 
datasets. 
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4.4 Experiments for lightning 

After assessment of the relative frequency of lightning over the years used for training and test, we 
decided against the lightning threshold, because setting it would remove even more periods of time 
when target value was 0. This caused problems to our models. Therefore, a threshold of 10 was used 
in preliminary experiments and mentioned in the preliminary experimental plan, but it was removed 
from the final experiments, where all periods with lightning were classified as our positive class, 
meaning that lightning is expected over the area. 

Additionally, in order to improve results and reduce computational cost of model training, we 
performed an exploratory data analysis and we calculated the Pearson correlation coefficient of 
features (meteorological data, ZTD data, etc.) with the target output. We selected our baseline look 
ahead time as 60 mins, as we considered that allowed an adequate reaction time for traffic 
authorities. Then, only for WS, we selected the features whose correlation with this target value was 
significant with a level of 0.05% in a Pearson ranked test. Data from other meteorological stations was 
discarded. As a side result, this method allows us to pinpoint which stations are relevant for the 
prediction, and take measures to ensure data quality for those stations. 

We didn´t perform extensive optimization of alternative models for other lead times.  However, in this 
document we include some information about the effect of changing the lead time without changing 
features or training parameters in a later section. If an operation environment requires a different 
period, possibly better results would be achieved by selecting the most appropriate weather stations 
at the start, following the same procedure, and then retraining the model using those features. 

Data preparation was performed in the same way seen in 4.3.1 and 4.3.2 except when explicitly noted. 
An important difference is that the generated models are sequence to one classification models: 
therefore, the target vector has a binary value of 0 if lightning were not present in the full area (T1) or 
sector (T2), and 1 if lightning was present.  

4.4.1 Milano Malpensa airport 

This location was the one where data was available for a longer time, so it was used for all the tasks of 
model development.   

In Figure 13 we describe the locations of stations used for this study. Some of the available stations 
were discarded because of too many missing values in data (including the year 2019 that was later 
used for a test case) or low correlation to the target function. Data was available for four consecutive 
years, that were split in train, validation and test as shown in Figure 14 and detailed in Table 10. This 
split ensured we had periods of high and low incidence in all the partitions.  We also have calculated 
the relative frequency of lightning when considering time periods of 10 minutes.  

When lightning is split into sectors, relative frequencies are smaller as shown in Table 11. For training, 
Sector 1 showed the higher frequency of lightning at 0.7 % (that is, 0.7% of the time periods of 10 mins, 
considered over the whole year, had at least one lightning flash detected with coordinates inside that 
sector). This presents an additional difficulty for multi-output models, as detecting infrequent events 
without producing too many false alarms is a challenging task for machine learning models. In this 
sectored approach there is a possible margin of error of 0.01° in both latitude and longitude due to the 
resolution of the grid used to discretise geolocations. 
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Figure 11: Location of meteorological and GNSS stations used by the lightning prediction model. The 
smaller rectangle is the area where occurrence of lightning is predicted. Sectors defined for the 

multi-output model are shown in color and labeled by their sector number. 

Figure 12: Number of lightning aggregated by week (log scale) for the train, validation and test periods. 
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Location Milano Malpensa 

Longitude 8.54o W – 8.90o W 

Latitude 45.44o N – 45.76o N 

Train (2015-2017) 
Total Events 1892 

Lightning Prob. 1.34% 

Validation (2018) 
Total Events 354 

Lightning Prob. 1.36% 

Test (2018) 
Total Events 436 

Lightning Prob. 1.65% 

Table 10: Lightning statistics for MXP - lightning frequencies. 

     Sector 1   Sector 2    Sector 3    Sector 4   Sector 5   Sector 6 

Train Periods with lightning 973 617 873 811 617    446 

% of lightning 0.7 0.4 0.6 0.6 0.4      0.3 

Test Periods with lightning 229 156 221 187 156    123 

% of lightning 0.9 0.6 0.8 0.7 0.6      0.5 

Table 11: Relative number of lightning events in the Milano Malpensa region, divided by sectors. 

The architecture of the developed model is a LSTM sequence to one model, combined with a set of 
encoding layers in the input and decoding layers in the output. Features are associated to specific data 
sources, and our hypothesis is that the model would be able to recognise the relevance of each station 
for forecasting the target function, that is not linked to any of those stations in particular. For instance, 
depending on prevalent wind conditions, station data would be more relevant depending on its 
position relative to the target area. The schema in Figure 11 shows this generic architecture for 
multiple outputs, where Yi is the output that predicts the probability of lightning in sector i; the single-
output model is similar, but has a unique neuron as output for the whole sector of interest (only Y1). 
Table 12 shows the model parameters. 

In order to detect rare events in the full dataset, we have introduced class weighting during the training 
process. This method was preferred to oversampling data from the moments of severe weather in 
order to introduce no disruption in the time sequence. We introduced some degree of feature 
engineering by calculation of temporal differentials for ZTD instead of using the absolute values for 
this measure. Subsequently we fine-tuned this model by optimizing the training batch size, and class 
weight. 

  Encoder LSTM Decoder 

Outputs Weight Layers Units Dropout Layers Units Dropout Decoder Units Dropout 

1 Auto 2 50 0.3 2 25 0 2 8 0.3 

6 2.5 2 50 0.1 2 12 0.1 3 8 0.1 

Table 12: Model parameter for nowcasting lightnings. 

Smaller batches work better in terms of CSI score if we assign a lower relative weight for the positive 
class. This fine-tuning phase was performed without changing the architecture of the model. In order 
to select the best model for our purpose, we must take into consideration that models exhibit an 
equilibrium between POD value and CSI score. Therefore, we must consider both criteria: the larger 
the probability of detection, the more likely non-lightning periods are selected as lightning, increasing 
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false alarms and thus CSI. We selected the final model by conducting a series of 5 experiments and 
using the model with best CSI score but with POD higher than 0.60 for the full area. This was done for 
both the single output ant the multiple output configurations, and selection was performed using the 
results in the validation dataset (January-June 2018), that was used for all tasks regarding model 
selection in order to avoid biasing results on the final test set. 

4.4.2 Brussels Zaventem airport 

For this case study we obtained data for a shorter period of time, three years (2018-2020) for GNSS 
stations, and a longer period for meteorological data 2011-2020. We used the same model 
architecture than for MXP, but performed and independent feature selection process to decide which 
stations were more relevant for the prediction. Lead time was also 60 mins, and the model uses 12 
time steps (2 hours). Location of the weather and GNSS stations is shown in Figure 15 together with 
the sector division used by our model, where the original SW divisions are joined in Sector 3. The 
sectors are asymmetrical and have different surfaces. Therefore, lightning frequencies are different 
for each sector, and particularly challenging for the model. 

The frequency of lightning over the area is much lower than MXP in the same period length (Figure 
16), as shown in Table 13. We corrected this fact somehow by selecting a larger area around the 
airport. Even in this case our test dataset has only 1.12% of periods with lightning. The lightning over 
the BRU are less frequent than over the MXP, and this fact becomes more challenging when lightning 
periods are divided by sectors (Table 14). 

 

 

Figure 13: Weather stations (blue) and GNSS stations (red) used for lightning prediction in BRU. 
Airport is located at the yellow marker. Lightning prediction is made for the area inside the red 

rectangle. Sector numbers are included in the figure for the multi-output model. 
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Figure 14: number of lightning aggregated by week (log scale) for the train, validation and test periods. 

Location Brussels National 

Longitude 3.99o W – 4.89o. W 

Latitude 50.50o N – 51.30o N 

Train (2018-2019) Total Events 1506 

Lightning Prob. 1.14% 

Validation (2020) Total Events 264 

Lightning Prob. 1.01% 

Test (2020) Total Events 337 

Lightning Prob. 1.12% 

Table 13: Lightning statistics for BRU - lightning frequencies. 

     Sector 1   Sector 2    Sector 3    Sector 4 

Train Periods with lightning 827 281 511 739 
% of lightning 0.78 0.27 0.48 0.70 

Test Periods with lightning 200 80 119 192 

% of lightning 0.76 0.30  0.45 0.73 
Table 14: Relative number of lightning events in BRU, divided by sectors. 
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5 Experimental Campaign 

5.1 Purpose 

The purpose of this experimental plan is to secure the application of scientific best practices when 
assessing the results of WP4 activities. For this purpose, we will first identity the reference guidance 
documents, we will then identify the research questions to answer and/or the hypotheses to test, and 
finally, we will define the experiments to be conducted and the metrics/methods to assess the 
achieved results. 

5.2 Reference documents 

The reference document to prepare this plan is the SESAR 2020 Experimental Approach guidance ER 
[1]. In addition, we rely on ALARM’s grant agreement, where the research questions and hypotheses 
were established [2]. 

5.3 Research questions and hypotheses 

5.3.1 ALARM level research questions and hypotheses 

At ALARM level, the Grant Agreement included the following research questions [2]: 

Research Questions (RQ) Verification means 

RQ1 Can we issue space weather alerts in regard to increased radiation levels at flight altitudes and 
risk for HF disruption in the polar region? 

D2.2 

RQ2 Can models for hindcasting (blending nowcasts/forecasts and observations) of SO2 dispersion 
can be developed for three different airports? 

D3.2. 

RQ3: Can models for early warning & nowcasting/forecasting of severe weather events can be 
developed for a particular airport using in-situ instrumentation and satellite observations? 

D4.2 

RQ4 Can we identify environmental hotspots using algorithmic-Climate Change Functions? D 5.2 

Table 15: ALARM’s Research questions and verification means 

In addition, the following two hypotheses were established (and need verification): 

• H1: Satellite and ground-based observations can be continuously recorded and combined with 
multi-hazard models (for space, severe weather, environment, gas dispersion) from an early 
warning and nowcasting/forecasting system, producing multi-hazard alert products to be 
broadcasted to ATM stakeholders (verified in Milestone 6 -MS6-). 

• H2: The multi-hazard alert system can present the information in a demo tool, fulfils ATM 
information requirements, and yellow SWIM requirements can be addressed (verified in D6.2, 
MS7 & assessment by Advisory Board (AB) members). 
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5.3.2 WP4 level research questions and hypotheses 

At WP4 level, which is the one linked to the severe weather nowcasting in this deliverable, we consider 
the following RQs  

• RQ3: Can models for early warning & nowcasting/forecasting of severe weather events can be 
developed for a particular airport using in-situ instrumentation and satellite observations? 

Our experiment scenario takes as input sensor data collected over a period of several years around the 
reference geographical locations. The result is a set performance indicator, each valid for a single 
location, able to provide accurate nowcasting of severe weather hazard. For our purpose, nowcasting 
is defined for each parameter: as a boolean indicator for lightnings meaning that a severe weather 
hazard will start with an anticipated time of up to 2 hours, as an absolute value overpassing a threshold 
for wind speed and rain rate.  

Because of the short look ahead time required for the forecast, we cannot rely on NWP products. Our 

working hypothesis is that development of severe weather episodes is predictable using sensor data 

provided by terrestrial stations that can be available locally in near real-time. 

Our target area is the area surrounding an airport. Because generated models use local information, 

the resulting performance indicators are tied to these specific locations.  Available data is expected to 

be different for each location, and both time resolution and spatial resolution may differ. Data 

preparation will be required in order to build models and be able to compare results. 

Our experiments are conducted using full years of data for training, and validation are performed over 

full years of posterior data as available. Testing is again performed over independent data.   

The algorithm, first developed for a single station (Novara) and then adapted and optimised to the 

whole area of Milano Malpensa, can be adapted to any other station/area with availability of the same 

type of datasets or a subset. The model is very flexible, it does not depend on the location, but it just 

depends on type of input dataset and acquisition frequency, so it can be fully adapted to any sites 

having the availability of at least two of the following datasets: weather station (pressure, 

temperature, humidity, rain, wind speed, wind direction), GNSS Zenith Total Delay, lightning location, 

radar reflectivity. 

The performances are then assessed versus standard Terminal Aerodrome Forecast Validations 

according to the ICAO Annex 3 and versus the most recent research results as reported in chapter 5.  

5.4 Nowcasting of lightning 

5.4.1 Algorithm performance 

Tables 16 shows the verification metrics for both models (single output and multiple output) calculated 
on the test data (July-December 2018) for MXP with default threshold value of 0.5. The results show a 
better overall skill for the single output model, over the multiple output model. Aggregated results 
were calculated on the multiple output model using the total confusion matrix. It is clear that the single 
output model has a better CSI score. Results are also heterogeneous among sectors. This is natural 
because sectors have different areas and therefore storms impact differently over them. We must note 
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that though the best result in terms of CSI is reported for sector 6, this comes at a large cost in terms 
of POD.   

 Single output Multiple output 

 Full area Sect. 1 Sect. 2 Sect. 3 Sect. 4 Sect. 5 Sec. 6 Aggregated 

POD 62.00 62.9 64.00 63.50 71.00 69.60 51.4 64.40 

FAR 78.70 84.3 84.7 82.60 86.70 84.60 82.20 84.50 

CSI 18.80 14.40 14.10 15.80 12.60 14.40 15.20 14.30 

F-1 31.70 25.10 24.70 27.30 22.30 25.20 26.40 25.00 

Table 16: Verification metrics calculated on test period for MXP. The Aggregated column is calculated 
by totalling the contingency matrix (TP, FP, FN, TN) for the six sectors. 

In Table 17 we calculate the verification statistics for all the experiments in BRU for the default 
threshold value of 0.5. Comparing the single output model to the multiple output model, the later has 
been tuned to a larger POD in order to be able to detect lightning over the smaller sectors, which leads 
to a smaller CSI score due to false alarms. Further optimization should look into the different sectors 
independently in order to calculate suitable threshold values. 

 Single output Multiple output 

 Full area Sect. 1 Sect. 2 Sect. 3 Sect. 4 Aggregated 

POD 63.50 81.00 83.80 73.10 79.20 79.20 

FAR 84.10 90.20 94.90 93.30 89.40 91.80 

CSI 14.50 9.60 5.10 6.50 10.3 8.00 

F-1 0.254 0.175 0.096 0.122 0.187 0.149 

Table 17: Verification metrics calculated on test period for BRU. The Aggregated column is calculated 
by totalling the contingency matrix (TP, FP, FN, TN) for the six sectors. 

The results of BRU show that we can successfully apply the same technique to develop a predictive 
model in the area.  However, in order to obtain comparable results, we should overcome some issues: 
reduced frequency of lightning (1.12% in BRU versus 1,63% in MXP), optimization of model 
architecture for BRU, longer availability of ZTD. BRU experiment show that when lightning events are 
sparser, our models tend to overfit and verification statistics are poorer. We think that in this case 
results might be improved by changing model structure and possibly we should use further measures 
to compensate for the small number of periods of severe weather compared to total.  

5.4.2 Mock-up product – case study Milano Malpensa 11 May 2019 

We have chosen as a case study the event 11 May 2019 in MXP. It was a severe storm developed in 
the afternoon, causing property damage and injures in the Lombardy region. Figure 17 shows the 
storm evolution based on the RDT product, where the airport is highlighted by the red circle.  
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13.30 UTC+1 14.00 UTC+1 14.30 UTC+1 15.00 UTC+1 

15.30 UTC+1 16.00 UTC+1 16.30 UTC+1 17.00 UTC+1 

Figure 15: time evolution of the thunderstorm over MXP on 11 May 2019. 

The single output model was able to produce a very accurate prediction of this event. Figure 18 reports 
time in the horizontal scale versus the number of lightning detected over the area (green bars in 
logarithmic scale), the probability of lightning (blue line), the default threshold of 0.5 used for the 
classification problem (red line). The model was able to predict the occurrence of the storm with an 
error of 10 min (a single period of lightning was predicted at 14.00, but lightning started at 14.10) and 
the prediction dropped under the threshold at 16.20, only 10 min after the last lightning flashes were 
detected.  

 

Figure 16: MXP test case, probability of lightning and real lightning computes in 10-mins intervals. 

The performances of the model are a bit lower when we work on the different sectors. The reason is 
the over-prediction of lightning in a given sector where the flashes are detected over a second one. 
Figure 19 shows the sequence of detected lightnings (in blue) and the prediction of the multi output 
model: yellow means that the output of the model for the sector is higher than 0.5 and lower than 0.7, 
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and red means that the output is higher than 0.70. The first occurrences of lightning in sector 1 (West) 
were not detected until 14:20. At this time almost all sectors show a high probability of lightning. The 
model predicts lightning after 15.40 where the situation is almost quiet, though clouds were still over 
the area. 

14.00 UTC+1 14.10 UTC+1 14.20 UTC+1 14.30 UTC+1 14.40 UTC+1 

14.50 UTC+1 15.00 UTC+1 15.10 UTC+1 15.20 UTC+1 15.30 UTC+1 

15.40 UTC+1 15.50 UTC+1 16.00 UTC+1 16.10 UTC+1 16.20 UTC+1 

Figure 17: Results of the multi output model for MXP case study: evolution of the probability of 
lightning with 10 min intervals. Threshold values 0.5<p<0.7 in yellow and >0.7 in red. 

By using the threshold 0.5, the model is able to nowcast the lightnings since the beginning of the event 
but it also provides predictions when there are sparse lightnings. On the other hand, when we use a 
stricter threshold (i.e. 0.7), the model predicts the most intense period, but intense lightnings at the 
beginning of the event (14.30 - 14.40) are not detected. As mentioned before, we used the lead time 
of 1 hour as baseline with inputs from the GNSS stations, and collocated WS. However, the model can 
be used for other lead times as shown in Table 18, where we show the average results of 10 runs of 
the same model. The average performances are similar for all the configurations but reducing the lead 
time increases the best experiment CSI without sacrificing the POD.  Since all GNSS stations were used 
for this model, these results may indicate that ZTD data are relevant and effective for shorter lead 
times, though proper verification of this hypothesis would require further experiments. 
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  Lead Time 

 Metric 30 min 60 min 90 min 120 min 

Average 
(standard 
deviation) 

POD 76.28 (0.048)  78.42 (0.043) 77.35 (0.055) 79.17 (0.035) 

 CSI 16.93 (0.041) 16.36 (0.032) 15.58 (0.029) 16.41 (0.024) 

Best POD 72.42 77.52 78.34 76.92 

 CSI 24.56 20.42 20.29 21.37 

Table 18: Verification metrics for different lead times for MXP. Average:  mean and standard 
deviation for 10 identical runs (same hyperparameters) are shown. Results were calculated on 

validation data. Differences are not statistically significant. Best: model with the best CSI score for 
the 10 runs. 

The periods of severe weather indicated by lightning can be predicted with a lead time of 60 mins in 
many circumstances. Our current models tend to over-predict lightning obtaining a high value of FAR 
so the technique would benefit from additional supervision or a complementary decision system taking 
in account other forecasts. The sector division performed in MXP was created using the general map 
for ATM sectors in Northern Italy. This partition of airspace should possibly be a matter of refinement 
in an operational system that must consider the policies and protocols for the area. 

5.5 Nowcasting of rain 

5.5.1 Algorithm performance in MXP 

In MXP we have developed two different models as described in section 4.1.6:  
 

− Model developed for any single station (“local” model); 

− Model developed giving in input the data of all the stations together (“stacked” model) and getting 
in output the nowcast for the single station. 
 

Both models run with two different configurations: WS+GNSS (Version 1) and with WS+GNSS+RADAR 
(Version 3). The single station model in Novara and the stacked model also includes lightnings (Version 
2 and Version 4). 
 
In Table 19 we report the POD of rain for each station (name in bold) at all the lead times for the local 
models (columns 1 and 3), stacked model (columns 2 and 4) with in input WS+GNSS (columns 1 and 2) 
and WS+GNSS+RADAR (columns 3 and 4). We refer in this table to the ICAO standards and 
recommendations for meteorological services described in Annex 3: Operational desirable accuracy of 
forecasts. According to this document the precipitation occurrence must be detected at least with a 
probability of 80% for TAF procedures and at least with a probability of 90% for trend forecast. The 
model performances satisfying the strictest requirement of the trend forecast are reported in black, 
the model performances satisfying the TAF requirements are reported in grey, and in red the model 
performances not satisfying the ICAO requirements. In any location there is at least one model 
satisfying the ICAO requirements at all the lead times. The best performances are given by the local 
model using WS+GNSS while the worst performances are given by the stacked model using 
WS+GNSS+RADAR. 
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The low performances on rain nowcasting is mainly due to the large number of zero values (no rain) in 
the dataset, therefore the model is trained basically on zero values and only by a very small percentage 
of non-zero.  The non-zero values are mostly very low values and only a very short percentage high or 
extreme. All these reasons “push” the algorithm to underestimate the nowcasts. However, the results 
are promising with higher performance (or comparable) than other reported values in literature [37-
39, 53]. The configuration WS+GNSS under all circumstances provides accurate or comparable 
performances with the other configuration’s outcome. This is an important and promising conclusion 
since the convection can be nowcasted from a pre-convective stage and without the need of acquiring 
further different data (e.g. RADAR and LIGH). 

 

 Version 1 Version 1 Version 3 Version 3 

lead time POD local POD stacked POD local POD stacked 

Biella     

10min 83,52 86,30 84,27 87,27 

20min 84,53 85,45 87,89 83,39 

30min 86,23 84,24 88,35 80,72 

40min 86,04 83,87 87,85 79,39 

50min 85,35 82,30 87,14 78,30 

60min 84,59 81,93 86,81 76,96 

Como     

10min 98,03 94,39 91,51 72,41 

20min 98,14 91,64 96,62 73,03 

30min 98,36 89,94 95,21 73,42 

40min 96,39 88,38 93,90 73,95 

50min 95,30 87,72 92,92 73,03 

60min 95,30 86,29 92,16 72,38 

Curno     

10min 77,27 68,69 87,00 53,57 

20min 83,56 69,68 87,57 55,88 

30min 85,01 69,49 87,40 56,26 

40min 85,73 69,74 87,08 57,24 

50min 84,77 69,55 85,63 56,58 

60min 85,17 68,75 84,58 57,57 

Gozzano     

10min 98,10 90,41 99,60 76,11 

20min 98,31 86,41 99,84 72,92 

30min 98,51 85,75 99,79 72,45 

40min 98,39 84,82 99,81 71,65 

50min 98,31 83,62 99,76 71,32 

60min 98,19 83,08 99,68 70,99 

Lecco     

10min 40,79 80,32 75,48 62,50 

20min 39,22 78,93 83,48 62,94 

30min 42,73 77,91 87,36 62,65 
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40min 44,01 77,39 86,32 61,61 

50min 44,38 76,39 85,35 61,86 

60min 44,38 75,49 84,75 61,31 

Luino     

10min 82,45 86,72 74,45 71,48 

20min 87,68 82,24 74,95 69,51 

30min 86,20 81,36 76,13 67,97 

40min 83,48 79,53 75,79 66,81 

50min 81,13 79,45 75,04 66,44 

60min 79,28 78,06 74,39 65,42 

Milano     

10min 70,31 82,54 76,47 67,69 

20min 71,19 81,78 77,81 67,45 

30min 71,04 80,47 76,33 67,03 

40min 70,90 80,80 76,18 68,43 

50min 70,60 81,31 75,88 66,91 

60min 70,75 80,55 75,59 66,30 

Novara     

10min 81,48 90,52 89,30 75,63 

20min 85,32 88,27 90,83 74,43 

30min 85,99 87,36 90,49 73,53 

40min 85,54 86,31 89,93 72,18 

50min 85,38 84,81 89,98 71,12 

60min 84,99 84,21 89,64 70,22 

Pavia     

10min 97,66 66,47 99,21 52,34 

20min 97,47 65,82 99,01 49,90 

30min 97,46 65,17 99,01 49,21 

40min 97,46 65,30 99,01 49,90 

50min 97,46 64,91 99,01 50,29 

60min 97,46 64,71 99,01 50,09 

Verbania     

10min 93,70 88,47 73,90 78,75 

20min 91,81 88,84 75,24 78,97 

30min 93,03 88,25 76,41 77,26 

40min 94,09 87,80 77,08 77,26 

50min 94,54 87,21 77,29 76,74 

60min 94,83 86,31 77,17 75,92 

Table 19: Rain POD with ICAO reference in MXP. 

5.5.2 Algorithm performance in BRU 

In BRU the data availability did not allow us to develop the same models and configurations that we 
have for MXP. So, we only developed the stacked model with the WS+GNSS configuration. 
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In Table 20 we report the POD of rain for each station (name in bold) at all the lead times for the 
stacked model with in input WS+GNSS. In this case the model performances are quite low and all worse 
than the ICAO recommendations. The reasons of these low performances are the short period of data 
availability (just 3 years in total) and the impossibility to run the model station by station due to 
troubles in getting and reading the data. 
 

 Version 1 

lead time POD stacked 

MELLE_ERPE  
10min 48,62 

20min 47,96 

30min 46,62 

40min 46,12 

50min 45,04 

60min 43,71 

SINT_KATELIJNE_WAVER_MECH  
10min 51,32 

20min 51,32 

30min 50,63 

40min 49,95 

50min 49,26 

60min 47,10 

UCCLE_BRUX  
10min 51,51 

20min 50,28 

30min 50,53 

40min 49,46 

50min 48,89 

60min 47,26 

ERNAGE_OLLN  
10min 59,63 

20min 51,71 

30min 49,25 

40min 48,46 

50min 45,73 

60min 41,51 

RETIE_MOL1  
10min 36,89 

20min 36,79 

30min 35,35 

40min 35,35 

50min 34,12 

60min 32,57 
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STABROEK_ANTW_ATWR  
10min 43,82 

20min 42,97 

30min 42,22 

40min 41,28 

50min 38,64 

60min 36,85 

SEMMERZAKE_GENT  
10min 39,01 

20min 38,38 

30min 37,69 

40min 36,43 

50min 34,97 

60min 33,37 

BEAUVECHAIN_HOEG  
10min 25,52 

20min 25,69 

30min 23,68 

40min 20,66 

50min 17,65 

60min 13,97 

SCHAFFEN_DIES  
10min 32,97 

20min 33,38 

30min 32,39 

40min 31,40 

50min 30,24 

60min 28,67 

CASTEAU_OSTI  
10min 25,86 

20min 24,62 

30min 23,89 

40min 24,15 

50min 23,43 

60min 22,55 

FLORENNES_CHLR  
10min 21,75 

20min 21,03 

30min 20,65 

40min 19,98 

50min 19,16 

60min 18,11 

Table 20: Rain POD with ICAO reference in BRU. 
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5.5.3 Mock-up product – case study Milano Malpensa 11 May 2019 

In Figure 20 we show the nowcast of extreme rain for the case study of MXP 11 May 2019. As shown 
in Figure 17, the storm was moving from west to east and the local model nowcast consistently reports 
the extreme rain (red cloud) in Biella at 14:00, then in Milano at 16:00 and finally in Bergamo at 16:40. 
All the nowcasts correspond to extreme rain observations (grey cloud). However, the extreme rain in 
Gozzano at 14:30 and in Molteno at 16:00 were not nowcasted. The stacked model was never able to 
nowcast the extreme rain during this specific event. 

 

Figure 18: Example of extreme rain mock-up product. The red cloud shows the nowcast of extreme 
rain at each time step, the grey cloud shows the observed extreme rain. 

5.6 Nowcasting of wind 

5.6.1 Algorithm performance in MXP 

In MXP we have developed two different models as described in section 4.1.6:  
 

− Model developed for any single station (local model); 

− Model developed giving in input the data of all the stations together (stacked model) and getting in 
output the nowcast for the single station. 
 

Both models run with two different configurations: WS+GNSS (Version 1) and with WS+GNSS+RADAR 
(Version 3). The single station model in Novara and the stacked model also includes lightnings (Version 
2 and Version 4). 
 
In Table 21 we report the POD of wind speed for each station (name in bold) at all the lead times for 
the local model (columns 1 and 3), stacked model (columns 2 and 4) with in input WS+GNSS (columns 
1 and 2) and WS+GNSS+RADAR (columns 3 and 4). We refer in this table to the ICAO standards and 
recommendations for meteorological services described in Annex 3: Operational desirable accuracy of 
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forecasts. According to this document the wind speed must be detected with an accuracy of 2.5 m/s 
for at least 80% of the cases in TAF procedures and for at least 90% of the cases in trend forecast and 
take-off procedures. We report in black the model performances satisfying the strictest requirement 
of the trend forecast and take-off, in grey the model performances satisfying the TAF requirement, and 
in red the model performances not satisfying the ICAO requirements. In all the locations bot models 
(local and stacked) with WS+GNSS and WS+GNSS+RADAR configurations satisfy the strictest ICAO 
requirements. The Version 1 and Version 3 configurations have the same performances, the stacked 
model works slightly better than the local model. 
 

 Version 1 Version 1 Version 3 Version 3 

lead time ≤2,5 m/s local ≤ 2,5 m/s stacked ≤ 2,5 m/s local ≤ 2,5 m/s stacked 

Biella     

10min 99,93 100,0 99,99 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Como     

10min 99,98 100,0 99,99 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Curno     

10min 99,98 100,0 100,0 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Gozzano     

10min 99,71 100,0 99,88 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Lecco     

10min 99,76 100,0 99,78 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 
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50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Luino     

10min 96,77 100,0 93,76 100,0 

20min 99,98 100,0 100,0 100,0 

30min 99,99 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Milano     

10min 99,99 100,0 99,99 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Novara     

10min 99,99 100,0 99,99 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Pavia     

10min 100,0 100,0 100,0 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Verbania     

10min 99,99 100,0 99,98 100,0 

20min 100,0 100,0 100,0 100,0 

30min 100,0 100,0 100,0 100,0 

40min 100,0 100,0 100,0 100,0 

50min 100,0 100,0 100,0 100,0 

60min 100,0 100,0 100,0 100,0 

Table 21: Wind POD with ICAO reference in MXP. 

We report in Table 22 more detailed results for the nowcast of wind speed with the local model 
considering 5.7 m/s as threshold for the extreme wind speed.  The FAR is always lower than 5%, the 
POD is higher than 90% for the time leads 20-60 min, just at time lead 10 min the performances are 
lower but still very good in all the locations. Adding the radar data (Version 3) to the WS+GNSS (Version 
1) does not improve the model performances. 
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 Version 1   Version 3   

 POD FAR CSI POD FAR CSI 

Biella       

10min 85,18 2,53 83,33 91,59 0,39 91,27 

20min 94,21 1,07 93,25 94,81 0,93 93,97 

30min 96,42 0,88 95,61 95,71 0,74 95,03 

40min 98,64 0,86 97,80 96,24 0,92 95,39 

50min 98,81 0,68 98,14 97,14 0,55 96,62 

60min 98,47 0,86 97,64 97,14 1,63 95,60 

Como       

10min 81,28 4,02 78,60 83,28 3,72 80,69 

20min 91,60 1,26 90,54 94,00 1,57 92,61 

30min 95,85 0,99 94,94 97,00 1,20 95,87 

40min 97,02 0,98 96,10 97,86 0,98 96,92 

50min 97,87 0,97 96,94 99,04 0,86 98,19 

60min 97,87 1,08 96,84 98,82 0,97 97,88 

Curno       

10min 79,22 2,40 77,71 83,44 3,38 81,07 

20min 90,91 1,75 89,46 93,18 1,71 91,69 

30min 94,81 1,68 93,29 95,13 1,35 93,91 

40min 97,08 1,64 95,53 96,10 1,66 94,57 

50min 97,40 0,99 96,46 96,43 2,30 94,29 

60min 98,05 1,63 96,49 96,75 2,61 94,30 

Gozzano       

10min 96,37 1,20 95,25 96,63 1,77 94,98 

20min 99,14 1,05 98,11 99,05 0,96 98,11 

30min 99,23 1,22 98,03 99,17 1,06 98,13 

40min 99,21 1,08 98,14 99,12 1,16 97,98 

50min 99,30 1,00 98,32 99,12 1,11 98,03 

60min 99,23 1,07 98,18 99,04 1,14 97,92 

Lecco       

10min 97,36 1,90 95,55 97,69 1,12 96,62 

20min 99,49 1,12 98,38 99,31 0,81 98,51 

30min 99,65 1,31 98,35 99,43 0,83 98,61 

40min 99,72 1,42 98,31 99,47 0,79 98,69 

50min 99,67 1,33 98,35 99,55 0,79 98,77 

60min 99,72 1,27 98,46 99,55 0,85 98,71 

Luino       

10min 82,00 2,58 80,26 72,63 3,79 70,62 

20min 98,53 1,00 97,56 99,09 1,81 97,31 

30min 98,64 1,05 97,62 99,40 1,58 97,84 

40min 98,67 1,05 97,66 99,46 1,60 97,88 

50min 98,74 0,88 97,88 99,42 1,58 97,86 

60min 98,74 0,93 97,83 99,42 1,60 97,84 
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Milano       

10min 67,86 5,00 65,52 71,82 5,95 68,70 

20min 87,50 0 87,50 90,00 1,98 88,39 

30min 93,75 0,94 92,92 94,55 1,89 92,86 

40min 95,54 0,93 94,69 97,27 0,93 96,40 

50min 95,54 0,93 94,69 98,18 1,82 96,43 

60min 95,54 0,93 94,69 97,27 1,83 95,54 

Pavia       

10min 75,00 0 75,00 75,00 0 75,00 

20min 75,00 0 75,00 75,00 0 75,00 

30min 100,00 0 100,00 100,00 0 100,00 

40min 100,00 0 100,00 100,00 0 100,00 

50min 100,00 0 100,00 100,00 0 100,00 

60min 100,00 0 100,00 100,00 0 100,00 

Verbania       

10min 84,69 1,97 83,28 90,20 1,03 89,36 

20min 89,91 1,98 88,31 93,01 1,45 91,76 

30min 93,88 1,78 92,31 95,24 0,97 94,36 

40min 96,15 1,05 95,17 96,47 0,81 95,71 

50min 97,28 1,04 96,30 96,47 0,81 95,71 

60min 97,62 1,03 96,63 96,69 1,03 95,72 
Table 22: Wind nowcast performance with 5.7 m/s reference in MXP with local model. 
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Version 1   Version 3   Version 2   Version 4   

POD FAR CSI POD FAR CSI POD FAR CSI POD FAR CSI 

            

100,00 2,31 97,66 100,00 3,41 96,55 100,00 2,86 97,09 100,00 2,82 97,11 

100,00 1,74 98,24 100,00 2,86 97,11 100,00 2,87 97,09 100,00 2,84 97,11 

100,00 1,74 98,24 100,00 2,86 97,11 100,00 2,87 97,09 100,00 2,86 97,11 

99,40 1,75 97,65 100,00 2,30 97,67 100,00 3,43 96,53 100,00 2,86 97,11 

100,00 1,74 98,24 100,00 1,73 98,25 100,00 3,43 96,53 100,00 2,86 97,11 

99,40 1,75 97,65 100,00 2,30 97,67 100,00 3,43 96,53 100,00 2,86 97,11 

            

99,78 1,31 98,46 99,55 0,88 98,68 99,55 0,88 98,68 99,78 1,52 98,25 

99,78 1,31 98,46 99,55 1,10 98,46 99,78 0,44 99,33 100,00 1,52 98,46 

99,78 1,53 98,25 99,78 1,09 98,68 99,78 0,88 98,90 100,00 1,52 98,46 

99,78 1,53 98,25 99,78 1,31 98,46 99,78 1,09 98,68 99,78 1,52 98,25 

99,78 1,53 98,25 99,78 1,31 98,46 99,78 1,09 98,68 99,78 1,30 98,46 

99,78 1,53 98,25 100,00 1,30 98,68 99,78 1,09 98,68 99,78 1,30 98,46 

            

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,00 100,00 

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,00 100,00 

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 

100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 100,00 0,57 99,43 

            

99,66 0,79 98,87 99,28 0,45 98,83 99,32 0,49 98,83 99,36 0,53 98,83 

99,66 0,79 98,87 99,28 0,45 98,83 99,32 0,49 98,83 99,36 0,53 98,83 

99,66 0,75 98,91 99,32 0,45 98,87 99,28 0,49 98,80 99,36 0,49 98,87 

99,70 0,83 98,87 99,36 0,45 98,91 99,32 0,49 98,83 99,36 0,49 98,87 

99,70 0,75 98,95 99,32 0,45 98,87 99,32 0,49 98,83 99,36 0,53 98,83 

99,66 0,75 98,91 99,32 0,49 98,83 99,32 0,49 98,83 99,36 0,53 98,83 

            

99,75 0,63 99,12 99,72 0,71 99,02 99,78 0,74 99,04 99,75 0,71 99,04 

99,75 0,58 99,18 99,70 0,71 98,99 99,72 0,74 98,99 99,78 0,71 99,07 

99,75 0,58 99,18 99,72 0,71 99,02 99,70 0,74 98,96 99,78 0,71 99,07 

99,81 0,55 99,26 99,70 0,71 98,99 99,72 0,74 98,99 99,78 0,74 99,04 

99,86 0,58 99,29 99,70 0,74 98,96 99,75 0,74 99,02 99,81 0,74 99,07 

99,83 0,58 99,26 99,72 0,74 98,99 99,72 0,74 98,99 99,78 0,74 99,04 

            

99,41 1,06 98,36 99,24 1,06 98,18 99,13 1,10 98,05 99,20 1,00 98,21 

99,41 1,10 98,32 99,17 1,03 98,15 99,17 1,17 98,02 99,20 1,00 98,21 

99,45 1,16 98,29 99,17 1,03 98,15 99,13 1,13 98,01 99,24 1,00 98,25 

99,45 1,20 98,26 99,10 1,03 98,08 99,20 1,13 98,08 99,10 0,97 98,15 

99,48 1,23 98,26 99,13 1,03 98,11 99,17 1,07 98,12 99,13 1,00 98,15 
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 Table 23: Wind nowcast performances with 5.7 m/s reference in MXP with stacked model. 

In Novara we also have the availability of lightnings and we could run the model with two additional 
configurations (Table 23): WS+GNSS+LIGH (Version 2) and WS+GNSS+RADAR+LIGH (Version 4). The 
local model performances do not change with the different configurations, confirming that the 
WS+GNSS is strong enough to nowcast the wind speed. 

  

99,48 1,30 98,19 99,10 1,10 98,01 99,13 1,10 98,05 99,13 0,96 98,18 

            

97,96 0,00 97,96 98,98 1,02 97,98 98,98 1,02 97,98 98,98 1,02 97,98 

97,96 0,00 97,96 98,98 1,01 97,98 98,98 1,02 97,98 98,98 1,01 97,98 

97,96 1,02 96,97 98,98 1,01 97,98 98,98 1,02 97,98 98,98 1,01 97,98 

97,96 0,00 97,96 98,98 1,01 97,98 98,98 2,02 97,00 98,98 1,01 97,98 

97,96 0,00 97,96 98,98 1,01 97,98 98,98 1,01 97,98 98,98 1,98 97,00 

97,96 0,00 97,96 98,98 1,01 97,98 98,98 1,02 97,98 98,98 1,00 97,98 

            

96,49 1,79 94,83 98,28 1,72 96,61 98,25 1,75 96,55 98,25 1,75 96,55 

96,49 0,00 96,49 98,28 1,72 96,61 98,25 1,75 96,55 98,25 1,75 96,55 

96,49 0,00 96,49 98,28 1,72 96,61 98,25 1,75 96,55 98,25 1,75 96,55 

96,49 0,00 96,49 98,28 1,72 96,61 98,25 1,75 96,55 98,25 1,75 96,55 

96,49 0,00 96,49 96,55 1,75 94,92 98,25 1,75 96,55 98,25 1,75 96,55 

96,49 0,00 96,49 96,55 1,75 94,92 98,25 1,75 96,55 98,25 1,75 96,55 

            

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

            

97,90 0,84 97,08 97,69 0,85 96,88 97,48 0,85 96,67 97,69 0,64 97,08 

98,32 0,63 97,70 97,90 0,63 97,29 97,48 0,85 96,67 97,90 0,85 97,09 

98,11 0,63 97,49 97,90 0,63 97,29 97,69 0,85 96,88 98,11 0,63 97,50 

98,11 0,63 97,49 97,90 0,63 97,29 97,69 0,63 97,08 98,32 0,84 97,51 

98,11 0,84 97,29 97,48 0,85 96,67 97,48 0,85 96,67 97,69 1,06 96,68 

98,32 0,84 97,50 97,69 0,85 96,88 97,48 0,85 96,67 98,11 0,63 97,50 

            

98,56 1,90 96,69 98,55 2,53 96,08 98,55 2,53 96,08 99,04 2,67 96,40 

98,56 1,75 96,85 98,55 2,53 96,08 99,04 2,67 96,40 99,04 2,21 96,86 

98,56 1,59 97,00 98,71 2,37 96,39 99,20 2,66 96,56 99,04 2,21 96,86 

98,56 1,59 97,00 98,87 2,37 96,55 99,20 2,66 96,56 99,04 2,36 96,70 

98,72 1,59 97,16 98,87 2,52 96,39 98,87 2,67 96,24 99,36 2,35 97,02 

99,04 1,58 97,47 99,04 2,36 96,70 99,20 2,51 96,71 99,36 2,20 97,17 
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 Version 1   Version 3   Version 2   Version 4   

 POD FAR CSI POD FAR CSI POD FAR CSI POD FAR CSI 

Novara             

10min 90,20 3,61 87,25 89,83 4,93 85,83 88,54 2,30 86,73 91,05 3,89 87,82 

20min 93,92 1,42 92,67 93,64 3,49 90,57 94,27 2,16 92,35 94,74 2,70 92,31 

30min 96,28 1,38 95,00 95,76 3,00 93,00 95,83 2,65 93,40 96,32 2,66 93,85 

40min 96,28 1,04 95,32 95,34 3,02 92,59 97,92 1,57 96,41 97,89 3,13 94,90 

50min 97,30 1,03 96,32 97,88 3,35 94,67 97,92 2,59 95,43 97,89 3,13 94,90 

60min 96,96 1,03 95,99 97,03 2,97 94,24 97,40 2,60 94,92 97,37 2,63 94,87 

Table 24: Wind nowcast performance in Novara with 5.7 m/s with local model. 

The stacked model (Table 23 and Table 24) provides better results than the local model, improving all 
the performances, especially those at 10 min lead time. With this model most of the POD are 100% or 
close to this value and all the FAR are lower than 3% for all the configurations. 

When we consider 10 m/s as threshold for the extreme wind speed, the performances of the two 
models decrease (Tables 25-27). The reason is mainly a decrease of the POD (FAR remains low). In 
Milano and Pavia with the local model, and in Milano Pavia and Novara with the stacked model the 
threshold of 10 m/s was never overpassed so the nowcast is Not Available (N/A). Also in this case, the 
stacked model works better than the local model. 

 Version 1   Version 3   

 POD FAR CSI POD FAR CSI 

Biella       

10min 67,57 0,00 67,57 77,78 0,00 77,78 

20min 89,19 0,00 89,19 77,78 0,00 77,78 

30min 100,00 0,00 100,00 74,07 0,00 74,07 

40min 100,00 0,00 100,00 81,48 0,00 81,48 

50min 100,00 2,63 97,37 92,59 0,00 92,59 

60min 100,00 0,00 100,00 92,59 0,00 92,59 

Como       

10min 71,13 5,61 68,24 75,89 5,31 72,79 

20min 85,21 0,82 84,62 86,52 1,61 85,31 

30min 88,03 1,57 86,81 92,20 1,52 90,91 

40min 92,96 0,75 92,31 96,45 0,00 96,45 

50min 92,96 0,75 92,31 93,62 0,00 93,62 

60min 91,55 0,00 91,55 95,74 0,00 95,74 

Curno       

10min 78,57 0,00 78,57 78,57 0,00 78,57 

20min 85,71 14,29 75,00 85,71 14,29 75,00 

30min 92,86 7,14 86,67 100,00 6,67 93,33 

40min 92,86 7,14 86,67 100,00 6,67 93,33 

50min 100,00 6,67 93,33 100,00 6,67 93,33 

60min 100,00 6,67 93,33 100,00 6,67 93,33 
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Gozzano       

10min 97,18 1,28 95,97 96,64 3,82 93,07 

20min 99,32 0,68 98,65 98,72 2,20 96,58 

30min 99,51 0,68 98,84 98,79 2,33 96,52 

40min 99,32 0,78 98,55 98,72 2,20 96,58 

50min 99,32 1,26 98,08 98,66 2,20 96,51 

60min 99,13 0,87 98,27 98,52 2,14 96,45 

Lecco       

10min 96,86 2,51 94,50 96,74 1,24 95,58 

20min 99,55 1,58 97,98 99,04 0,90 98,16 

30min 99,74 1,58 98,17 99,30 1,15 98,17 

40min 99,94 1,89 98,05 99,49 1,21 98,30 

50min 99,94 1,76 98,17 99,49 1,14 98,36 

60min 99,94 1,89 98,05 99,49 1,39 98,11 

Luino       

10min 82,00 2,16 80,55 74,04 1,47 73,23 

20min 99,34 1,47 97,89 98,44 1,38 97,10 

30min 99,42 1,47 97,98 98,35 0,46 97,90 

40min 99,67 1,54 98,14 98,62 0,56 98,08 

50min 99,67 1,70 97,98 98,35 0,46 97,90 

60min 99,67 1,86 97,82 98,72 0,37 98,35 

Milano       

10min N/A N/A N/A N/A N/A N/A 

20min N/A N/A N/A N/A N/A N/A 

30min N/A N/A N/A N/A N/A N/A 

40min N/A N/A N/A N/A N/A N/A 

50min N/A N/A N/A N/A N/A N/A 

60min N/A N/A N/A N/A N/A N/A 

Pavia       

10min N/A N/A N/A N/A N/A N/A 

20min N/A N/A N/A N/A N/A N/A 

30min N/A N/A N/A N/A N/A N/A 

40min N/A N/A N/A N/A N/A N/A 

50min N/A N/A N/A N/A N/A N/A 

60min N/A N/A N/A N/A N/A N/A 

Verbania       

10min 76,47 0,00 76,47 80,85 0,00 80,85 

20min 84,31 0,00 84,31 91,49 0,00 91,49 

30min 84,31 0,00 84,31 91,49 0,00 91,49 

40min 96,08 2,00 94,23 92,55 1,14 91,58 

50min 94,12 0,00 94,12 94,68 1,11 93,68 

60min 96,08 0,00 96,08 96,81 1,09 95,79 

Table 25: Wind nowcast performances with 10 m/s reference in MXP with Local model 
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 Version 1   Version 3   Version 2   Version 4   

 POD FAR CSI POD FAR CSI POD FAR CSI POD FAR CSI 

Novara             

10min 91,67 0,00 91,67 100,00 0,00 100,00 83,33 0,00 83,33 100,00 0,00 100,00 

20min 83,33 0,00 83,33 100,00 0,00 100,00 91,67 0,00 91,67 91,67 0,00 91,67 

30min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

40min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

50min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

60min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 100,00 7,69 92,31 

Table 26: Wind nowcast performances with 10 m/s reference in Novara with Local model 

 Version 1   Version 3   Version 2   Version 4   

 POD FAR CSI POD FAR CSI POD FAR CSI POD FAR CSI 

Biella             
10min 100,00 0,00 100,00 100,00 10,00 90,00 100,00 0,00 100,00 100,00 10,00 90,00 

20min 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 

30min 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 

40min 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 

50min 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 

60min 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 100,00 10,00 90,00 

Como             
10min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

20min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

30min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

40min 100,00 1,33 98,67 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

50min 100,00 2,63 97,37 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

60min 100,00 2,63 97,37 100,00 0,00 100,00 100,00 0,00 100,00 100,00 2,63 97,37 

Curno             
10min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 

20min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 

30min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 

40min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 

50min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

60min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 7,69 92,31 

Gozzano             
10min 99,86 1,23 98,63 99,58 1,64 97,96 99,58 1,77 97,82 99,45 2,04 97,42 

20min 99,86 1,23 98,63 99,58 1,64 97,96 99,58 1,77 97,82 99,45 2,04 97,42 

30min 99,86 1,23 98,63 99,58 1,50 98,09 99,45 1,77 97,69 99,45 2,04 97,42 

40min 99,86 1,36 98,50 99,45 1,64 97,82 99,45 1,77 97,69 99,45 2,04 97,42 

50min 99,86 1,50 98,36 99,45 1,64 97,82 99,45 1,77 97,69 99,45 1,91 97,55 

60min 99,86 1,23 98,63 99,45 1,64 97,82 99,31 1,78 97,55 99,45 2,04 97,42 

Lecco             
10min 99,52 1,51 98,02 99,60 2,13 97,48 99,52 2,21 97,32 99,68 2,12 97,56 

20min 99,60 1,51 98,10 99,68 2,12 97,56 99,60 2,13 97,48 99,60 2,13 97,48 
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30min 99,60 1,58 98,02 99,68 2,12 97,56 99,52 2,13 97,40 99,76 2,12 97,64 

40min 99,60 1,58 98,02 99,68 2,12 97,56 99,60 2,12 97,48 99,76 2,12 97,64 

50min 99,60 1,59 98,02 99,68 2,12 97,56 99,60 2,12 97,48 99,68 2,12 97,56 

60min 99,68 1,66 98,02 99,68 2,12 97,56 99,52 2,13 97,40 99,76 2,12 97,64 

Luino             
10min 99,73 0,66 99,08 99,87 0,78 99,09 99,73 0,79 98,94 99,74 0,78 98,96 

20min 99,73 0,53 99,21 99,87 0,78 99,09 99,87 0,79 99,08 99,87 0,78 99,09 

30min 99,73 0,53 99,21 99,87 0,78 99,09 99,87 0,79 99,08 99,74 0,78 98,96 

40min 99,73 0,53 99,21 99,87 0,78 99,09 99,87 0,79 99,08 99,74 0,78 98,96 

50min 99,73 0,53 99,21 99,87 0,91 98,96 99,87 0,79 99,08 99,74 0,78 98,96 

60min 99,73 0,66 99,08 99,87 1,03 98,83 99,87 0,92 98,95 99,87 0,91 98,96 

Milano             
10min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

20min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

30min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

40min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

50min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

60min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Novara             
10min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

20min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

30min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

40min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

50min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

60min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Pavia             
10min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

20min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

30min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

40min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

50min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

60min N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 

Verbania             
10min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 5,26 94,74 

20min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 5,26 94,74 

30min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 5,26 94,74 

40min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

50min 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 100,00 0,00 100,00 

60min 94,44 0,00 94,44 94,44 0,00 94,44 94,44 0,00 94,44 100,00 0,00 100,00 

Cavaria             
10min 97,06 0,00 97,06 100,00 0,00 100,00 88,24 0,00 88,24 91,18 0,00 91,18 

20min 97,06 0,00 97,06 97,06 0,00 97,06 88,24 0,00 88,24 94,12 0,00 94,12 

30min 94,12 0,00 94,12 94,12 0,00 94,12 88,24 0,00 88,24 94,12 0,00 94,12 

40min 94,12 0,00 94,12 94,12 0,00 94,12 94,12 0,00 94,12 94,12 0,00 94,12 
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50min 94,12 0,00 94,12 94,12 0,00 94,12 94,12 0,00 94,12 94,12 0,00 94,12 

60min 94,12 0,00 94,12 94,12 0,00 94,12 94,12 0,00 94,12 97,06 0,00 97,06 

Table 27: Wind nowcast performances with 10 m/s reference in MXP with stacked model 

5.6.2 Algorithm performance in BRU 

In BRU the data availability did not allow us to develop the same models and configurations that we 
have for MXP. So we only developed the stacked model with the WS+GNSS configuration. 
 
In Table 28 we report the POD of wind speed for each station (name in bold) at all the lead times for 
the stacked model with in input WS+GNSS. In all the stations at all lead times the model performances 
are excellent and in line with the ICAO recommendations. In this case 3 years of data were sufficient 
to develop a high-performance algorithm.  
Using as extreme threshold the value of 5.6 m/s (Table 29) the lowest POD is 92.46% and the highest 
FAR is 7.44% keeping the CSI always higher than 87%. Increasing the extreme threshold to 10 m/s 
(Table 30) the performances are even better with several POD reaching 100% and no FAR.  
 

 Version 1 

 <= 2.5 m/s stacked 

MELLE_ERPE  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

SINT_KATELIJNE_WAVER_MECH  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

UCCLE_BRUX  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

ERNAGE_OLLN  
10min 100,0 

20min 100,0 

30min 100,0 
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40min 100,0 

50min 100,0 

60min 100,0 

RETIE_MOL1  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

STABROEK_ANTW_ATWR  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

SEMMERZAKE_GENT  
10min 99,39 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

BEAUVECHAIN_HOEG  
10min 99,20 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

SCHAFFEN_DIES  
10min 99,85 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

CASTEAU_OSTI  
10min 100,0 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 
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60min 100,0 

FLORENNES_CHLR  
10min 99,58 

20min 100,0 

30min 100,0 

40min 100,0 

50min 100,0 

60min 100,0 

Table 28: Wind POD with ICAO reference in BRU. 

 Version 1    

 POD FAR CSI 

MELLE_ERPE    

10min 99,13 2,50 96,67 

20min 98,79 1,33 97,49 

30min 99,00 1,32 97,70 

40min 99,10 1,66 97,46 

50min 99,00 1,42 97,61 

60min 99,10 1,32 97,79 

SINT_KATELIJNE_WAVER_MECH    

10min 99,05 4,19 94,93 

20min 99,13 4,46 94,74 

30min 99,13 4,79 94,41 

40min 99,20 5,38 93,90 

50min 99,56 5,36 94,24 

60min 99,71 5,80 93,93 

UCCLE_BRUX    

10min 98,96 1,33 97,65 

20min 98,96 1,00 97,97 

30min 99,02 0,79 98,24 

40min 98,96 0,64 98,33 

50min 98,93 0,91 98,03 

60min 98,99 1,00 98,00 

ERNAGE_OLLN    

10min 99,17 1,00 98,19 

20min 99,22 0,82 98,41 

30min 99,12 0,82 98,31 

40min 99,10 0,79 98,31 

50min 99,10 0,74 98,36 

60min 99,17 0,92 98,26 

RETIE_MOL1    

10min 98,99 3,77 95,29 

20min 98,87 2,71 96,21 

30min 98,62 2,35 96,32 
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40min 98,99 2,70 96,34 

50min 98,87 3,66 95,28 

60min 98,87 3,30 95,63 

STABROEK_ANTW_ATWR    

10min 99,44 1,14 98,31 

20min 99,24 0,71 98,53 

30min 99,19 0,57 98,63 

40min 99,17 0,57 98,61 

50min 99,19 0,49 98,71 

60min 99,19 0,65 98,55 

SEMMERZAKE_GENT    

10min 92,46 1,87 90,85 

20min 99,74 2,63 97,12 

30min 99,74 3,08 96,67 

40min 99,77 3,13 96,65 

50min 99,79 3,27 96,53 

60min 99,79 3,34 96,46 

BEAUVECHAIN_HOEG    

10min 94,74 3,43 91,65 

20min 99,68 1,98 97,71 

30min 99,78 2,38 97,40 

40min 99,78 2,40 97,38 

50min 99,84 2,48 97,37 

60min 99,84 2,53 97,31 

SCHAFFEN_DIES    

10min 94,17 7,44 87,54 

20min 99,40 3,04 96,38 

30min 99,14 2,52 96,66 

40min 99,01 1,86 97,18 

50min 98,92 1,65 97,30 

60min 98,97 1,74 97,26 

CASTEAU_OSTI    

10min 99,17 2,19 97,01 

20min 98,76 0,74 98,03 

30min 98,76 0,99 97,79 

40min 98,68 1,07 97,63 

50min 98,76 0,99 97,79 

60min 98,76 1,15 97,63 

FLORENNES_CHLR    

10min 97,10 2,62 94,63 

20min 99,65 1,56 98,10 

30min 99,53 1,12 98,41 

40min 99,61 1,46 98,15 

50min 99,63 1,46 98,17 
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60min 99,63 1,44 98,19 

Table 29: Wind nowcast performances with 5.7 m/s reference in BRU with stacked model. 

 Version 1   

 POD FAR CSI 

MELLE_ERPE    

10min 99,18 2,02 97,19 

20min 98,77 1,63 97,18 

30min 98,77 2,03 96,79 

40min 98,77 1,63 97,18 

50min 99,18 2,02 97,19 

60min 99,18 2,42 96,80 

SINT_KATELIJNE_WAVER_MECH    

10min 100,00 0,00 100,00 

20min 100,00 3,70 96,30 

30min 100,00 3,70 96,30 

40min 100,00 3,70 96,30 

50min 100,00 7,14 92,86 

60min 100,00 7,14 92,86 

UCCLE_BRUX    

10min 98,46 5,19 93,43 

20min 98,46 3,03 95,52 

30min 98,46 1,54 96,97 

40min 98,46 0,00 98,46 

50min 98,46 0,78 97,71 

60min 98,46 0,00 98,46 

ERNAGE_OLLN    

10min 100,00 1,55 98,45 

20min 100,00 0,52 99,48 

30min 100,00 1,04 98,96 

40min 100,00 1,04 98,96 

50min 100,00 2,56 97,44 

60min 100,00 2,56 97,44 

RETIE_MOL1    

10min 100,00 4,55 95,45 

20min 100,00 0,00 100,00 

30min 100,00 0,00 100,00 

40min 100,00 0,00 100,00 

50min 100,00 0,00 100,00 

60min 100,00 0,00 100,00 

STABROEK_ANTW_ATWR    

10min 99,52 0,95 98,58 

20min 99,76 1,18 98,58 

30min 99,76 1,18 98,58 
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40min 99,52 1,42 98,11 

50min 99,52 0,95 98,58 

60min 99,28 1,19 98,11 

SEMMERZAKE_GENT    

10min 93,56 1,61 92,15 

20min 99,69 2,11 97,60 

30min 99,69 2,40 97,31 

40min 99,69 2,40 97,31 

50min 99,39 2,41 97,01 

60min 99,69 2,40 97,31 

BEAUVECHAIN_HOEG    

10min 87,78 6,21 82,95 

20min 99,20 4,62 94,65 

30min 99,60 5,15 94,49 

40min 99,80 5,14 94,68 

50min 99,80 4,60 95,22 

60min 99,80 4,60 95,22 

SCHAFFEN_DIES    

10min 92,16 4,08 88,68 

20min 99,02 3,81 95,28 

30min 100,00 2,86 97,14 

40min 99,02 0,98 98,06 

50min 99,02 1,94 97,12 

60min 100,00 1,92 98,08 

CASTEAU_OSTI    

10min 100,00 4,76 95,24 

20min 100,00 4,76 95,24 

30min 100,00 4,76 95,24 

40min 100,00 4,76 95,24 

50min 100,00 4,76 95,24 

60min 100,00 4,76 95,24 

FLORENNES_CHLR    

10min 92,77 6,14 87,47 

20min 99,42 6,01 93,48 

30min 100,00 3,89 96,11 

40min 99,71 5,99 93,75 

50min 100,00 5,98 94,02 

60min 100,00 5,21 94,79 

Table 30: Wind nowcast performances with 10 m/s reference in BRU with stacked model 
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5.6.3 Mock-up product – case study Milano Malpensa 11 May 2019 

In Figure 21 we show the nowcast of extreme wind speed for the case study of MXP 11 May 2019.  

When the storm reaches the area of MXP the observations (grey wind logo) do not show any extreme 
wind speed while the local and the stacked model show FAR in the northern area of the airport. When 
the storm moves east (16:00-16:40), the extreme winds affect the entire airport area (grey polygon) 
and both models are able to nowcast it (red and orange polygons).   

 

Figure 19: Example of extreme wind speed mock-up product. In red the nowcast of extreme wind 
speed with local model, in orange the nowcast of extreme wind speed with stacked model, and in 

grey the observed extreme wind speed. 
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6 Overshooting nowcasting 

An overshooting transports tropospheric air to the stratosphere and it is usually the results of very 
strong convection development. In this way, the overshooting can be considered as a proxy of extreme 
weather with strong vertical winds, lightnings, hail and heavy rain. The overshooting are really quick 
and rare phenomena and they are difficult to be detected. We used the EUMETSAT RTD OT product 
described in section 3.1.6 as background for our analysis.  

The RTD dataset available for our study is just 2 years: 2018-2019. In this period, we have 347 
overshooting in the MXP area (Figure 22) and 245 in the BRU area (Figure 23). We have tried to develop 
an algorithm with input WS+GNSS+RADAR+LIGH (or a subset) to nowcast the occurrence or non-
occurrence of overshooting, but the samples number is too small to train any algorithm especially 
considering that the few hundred cases must be also split in 3 datasets of training, validation and test. 
Any run and configuration we tested, gave in output completely different results strongly depending 
on the data selection. 

 

Figure 20: RDT OT detected in the MXP area in the period 2018-2019. 
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Figure 21: RDT OT detected in the BRU area in the period 2018-2019. 
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7 Conclusions 

The objectives of this deliverable are to describe the algorithms developed to nowcast the extreme 
weather in the area of the airport and to show the algorithm application and performances. We 
developed two different models (local and stacked) with different data configurations by merging in 
different ways the WS, GNSS, RADAR and LIGH. The models were first developed and optimised in the 
area of MXP and then applied to BRU. We focused our work on the prediction of three parameters that 
are of interest for aviation such as extreme rain, extreme wind speed and lightnings. 

Results 

− The stacked model performs better than the local model for the wind speed nowcast and should be 
preferred because it is also computationally less expensive than the local model; 

− For rain and wind nowcasting, the configuration WS+GNSS have better or comparable performance 
than the other configurations (WS+GNSS+LIGH, WS+GNSS+RADAR, WS+GNSS+RADAR+LIGH) and it 
should be preferred because it uses parameters characterizing the pre-convective environment 
(RADAR and LIGH provide information when the convection is already developed); 

− The wind speed can be nowcasted with very high accuracy with all the models and all the 
configuration and the model can be adapted to different locations; 

− The rain is usually underestimated by the model, but a post processing procedure can provide very 
good performances for lead times up to 30 minutes; 

− The lightnings can be predicted with high probability, but the large FAR reduces the performance of 
the model; CSI score can be used as a compromise metric to evaluate the model skill. This suggests 
that lightning is more difficult to predict with a 60 min lead time than other target variables. The 
single-sector approach (T1 in Table 5) achieves better performance than the multi-sector approach 
(T2 in Table 5), where lightning associated to smaller sectors is difficult to predict; 

− The model performances strongly depend on the length of the dataset to train the algorithm; 

− The overshooting nowcasting is not ready due to the small amount of data available. Considering the 
very low frequency of the overshooting and the limited area interested by these phenomena, a 
specific project and data collection should be performed to achieve good results.  

Results interpretation 

- Period of data availability. The results cannot always be compared because the data availability for 
different stations and different models was often different.  The longer the time period, the more data 
we train and we would expect a more accurate outcome.  

- Statistics of the observed data. In different locations the number of extreme events is also different 
and this affect the algorithm results. In general, the higher number of events implies a benefit for the 
nowcasting algorithm since it has a larger training dataset. This is also the reason of the performance 
difference between MXP and BRU. 

- Consistent datasets. The datasets used in this project were not acquired for the purpose of 
meteorological forecast, so they are not synchronised, they are were collected from different agencies 
with different formats, and they were not always validated. 

  

https://www.sesarju.eu/


D4-2: SEVERE WEATHER NOWCASTING AND OVERSHOOTING: ALGORITHMS AND IN-
SITU EXPERIMENTS 

 

  
       

 

Page I 73 
 

  
 

 

Recommendations 

− To train a good model a consistent dataset is needed. The meteorological data are usually managed 
by different agencies not using the same standards (in terms of data format, temporal resolution, 
data quality, accuracy, precision, and acquired parameters). This implies a long preliminary work to 
make the datasets consistent, synchronised and clean from mistakes which is a time-consuming 
process.  We recommend to define a standard within the SESAR programme and to collect all the 
data used during the SESAR projects not to lose the time and the work already done and not to 
restart each project from the same stage. The results achieved in ALARM are good enough to start a 
possible process to define a standard within the communities involved in the SESAR Programme. 

− Model reusability. The model can be re-used for different locations but it must be optimised and 
adjusted to the site’s characteristics and to the data availability. In fact, the algorithm strongly 
depends on the data type, data temporal resolution, data spatial resolution, and frequency of the 
extreme events giving different weights to the variables according to this information. The stacked 
model is the preferable because requiring less computational cost, but it is also the less flexible since 
it requires the same data availability from all the stations of the airport area. We recommend to get 
agreements with the data providers before any other actions to be certain that the available datasets 
can be available with the same characteristics in the whole area.   

− Reduction of FAR for rain rate nowcasting. The FAR is significant in some cases of rain rate 
nowcasting. The problem can be solved by using a categorization algorithm (with binary solution: 
extreme or not extreme), in this case the model performances are satisfactory but part of the 
information (the rain rate absolute value) is lost.   

− Reduction of FAR in the lightning prediction scenario. The lightning nowcast model has a high FAR 
which means that an important part of the detected events are not positive cases. Although these 
cases are not very significant on the whole range of dates, we think that there is space for further 
research to try to identify and filter out in which circumstances the model predicts lightning 
incorrectly. Preliminary study suggests that some of these false positives occur after the event has 
already finished. Some of these situations that may or may not be very relevant for applications 
aiming to regulate traffic but won’t necessarily do so with a resolution of 10 mins.   
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Appendix A  

A.1 ANNs Architecture 
In an ANN, the processing part is performed in the hidden layer which executes two operational 
functions: summation function and transfer function, also known as an activation function. This 
process is summed together on each hidden neuron and it’s denoted as [15]:  

ℎ𝑗  =  𝑓ℎ(∑𝑖 = 1
𝑝

𝑤𝑖𝑗𝑥𝑖 +  𝑏𝑗)                        (AE1) 

where ℎ𝑗 , 𝑏𝑗  are respectively the output and bias vectors of the jth hidden neuron/node in the hidden 

layer,  𝑤𝑖𝑗  is the connection weight from the ith input node 𝑥𝑖 to the jth hidden node,  𝑓ℎ(. ) is the 

activation function in the hidden layer, and p is the number of hidden nodes. Therefore, the future 
target feature can be predicted in the output layer as [15]: 

�̂�𝑘  =  𝑓𝑜(∑𝑗 = 1
𝑚 𝑤𝑗ℎ𝑗 +  𝑏𝑘)                     (AE2) 

Where  �̂�𝑘, 𝑏𝑘 are respectively the output and bias vectors of the kth output neuron in the output layer, 
𝑤𝑗 is the connection weight from the jth hidden node to the output node, 𝑓𝑜(. ) is the activation function 

for the output layer, and m is the total number of samples. The bias parameter is used to regulate the 
output of the neuron in association with the weighted sum of the inputs.  

A.2 Long Short-Term Memory (LSTM) Cell  

The main criterion of the LSTM network is the memory unit 𝒉𝒕, also called an internal unit, which can 
memorise the temporal state. Given a sequential input 𝒙 = {𝒙𝟏, 𝒙𝟐, . . ., 𝒙 𝒕, 𝒙 𝒕 + 𝟏, . . . , 𝒙𝒏}, where n 
is the total number of sample, a LSTM cell can process 𝒙 by using its memory unit, and in contrast to a 
conventional RNN, the LSTM cell is shaped by the addition or removal of information through three 
controlling gates: input gate 𝒊𝒕, output gate 𝒐𝒕 , and forget gate 𝒇𝒕. Thanks to these gates, the LSTM 
overcomes the vanishing gradient problem unlike RNNs [15]. Moreover, it allows it to better handle 
long input sequences by updating and controlling the flow of the information in the block using these 
gates according to the equations: 

𝑓𝑡  =  𝜎𝑔(𝑤𝑓𝑥𝑡  +  𝑢𝑓ℎ𝑡−1  + 𝑏𝑓)    (AE3) 

𝑖𝑡  =  𝜎𝑔(𝑤𝑖𝑥𝑡  +  𝑢𝑖ℎ𝑡−1  + 𝑏𝑖)    (AE4) 

𝑜𝑡  =  𝜎𝑔(𝑤𝑜𝑥𝑡  +  𝑢𝑜ℎ𝑡−1  +  𝑏𝑜)    (AE5) 

𝑐𝑡  =  𝑓𝑡 ⊗ 𝑐𝑡−1 + 𝑖𝑡 ⊗ 𝜎ℎ(𝑤𝑐𝑥𝑡  +  𝑢𝑐ℎ𝑡−1  +  𝑏𝑐)  (AE6) 

ℎ𝑡  =  𝑜𝑡 ⊗ 𝜎ℎ(𝑐𝑡)      (AE7) 

Where 𝑥𝑡 is the current passed input, ℎ𝑡 the current hidden state, w, u and 𝑏 stand for the weight 

matrices and biases, the nonlinear functions 𝜎𝑔 (𝜎𝑔(𝑥) =
1

1+𝑒−𝑥) and 𝜎ℎ  (𝜎ℎ(𝑥) = 𝑡𝑎𝑛ℎ(𝑥)) are the 

sigmoid and hyperbolic tangent functions and ⊗ denotes element-wise multiplication. Equations 
(AE3), (AE4) and (AE5) establish gate activations, equation (AE6) determines the new cell state 𝑐𝑡, 
where the ‘memories' are stored or deleted, and equation (AE7) is the final output. 
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A.3 Model Preparation 
The windows generated are validated by using a split function and we compute X (input), and Y 
(output) matrices for each of the training, testing, and validation dataset as shown in Figure A1. 
X and Y are represented in the form of 3D tensors for the input feature and target/output feature 
respectively: 
 

𝑋 ∈  𝑅𝑚×𝑙×𝑛, each sample observation X𝑗 =  {𝑋1, 𝑋2, . . . , 𝑋12} and each 𝑋𝑖 =
 {𝑥1, 𝑥2, … , 𝑥𝑛} 𝑤𝑖𝑡ℎ 𝑗 =  (1,2, . . . , 𝑚) 𝑎𝑛𝑑  𝑖 =  (1, 2, . . . , 𝑙 = 12), where m is the total samples, 𝑙 is 
the past time steps, and n is the total number of input features and its variable and depending on the 
input configurations. 
 

𝑌 ∈  𝑅𝑚×ĺ×3, each sample observation 𝑌𝑗 =  {𝑌1, 𝑌2, . . . , 𝑌6} and each 𝑌𝑖 =  {𝑦1, 𝑦2, 𝑦3} 𝑤𝑖𝑡ℎ 𝑗 =

 (1,2, . . . , 𝑚) 𝑎𝑛𝑑 𝑖 =  (1, 2, . . . , ĺ = 6), where m is the total samples, ĺ is the future time steps for 3 
target features of the rain and wind vector components. 

 
Figure A1: Input/Output data flow of each observation. 

In the phase of target categorization, we use an additional input matrix E which corresponds to the 
extremes (reported in section 3.2) together with the input matrix X: 
 

𝐸 ∈  𝑅𝑚×𝑙×ℎ, each sample observation  𝐸𝑘 =  {𝐸1, 𝐸2, . . . , 𝐸12} 𝑎𝑛𝑑  each 𝐸𝑖 =  {𝑒𝑖𝑗} 𝑤𝑖𝑡ℎ 𝑘 =
 (1, 2, . . . , 𝑚), 𝑖     =  (1, 2, . . . , 𝑙 = 12) , 𝑎𝑛𝑑  𝑗 =  (1, 2),  where m is the total samples, 𝑙 is the past 
time steps, and h is the number of extreme features (h = 2 for rain and wind extremes). 
 

The inputs are concatenated together using an additional layer defined in the Keras python library 
documentation. The output is composed by two target matrices, the first target corresponds to the 
predefined target Y, the second is the extremes target matrix defined as: 
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𝐸′  ∈  𝑅𝑚×ĺ×ℎ, each sample observation 𝐸ℎ′= {E13, E14, ..., E18} and each Ek = {ekj} with h = (1, 2, …, 

m), k = (13, 14, …, 𝑙 + 6 = 18), and  j = (1, 2),  where m is the total samples, ĺ is the future time steps = 
6, and h is the number of extreme features (h = 2 for rain and wind extremes) as shown in Figure A2. 
 

 

Figure A2: Input/output data for extreme categorization. 
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