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grant agreement No 891965 under European Union’s Horizon 2020 research and innovation 
programme. 

 

 

Abstract  

ISOBAR project aims at integrating enhanced convective weather forecasts in order to predict 
imbalances between capacity and demand as well as employing AI to prescribe mitigation measures 
at local and network level. In this deliverable we describe the ISOBAR Meteo Engine (MetEngine) 

The ISOBAR MetEngine provides meteorological forecasts at network and local levels. The MetEngine 
is based on the use of Artificial Intelligence along with NWPs (Numerical Weather Predictions) to 
improve the accuracy of thunderstorm prediction. 

In particular, three different NWP products (we use data archive) are chosen, namely AROME-EPS 
(Ensemble Prediction System) and AROME-PI (in French Prévision Immédiate) for France region, the 
AEMET (in Spanish Agencia Estatal de Meteorología) γSREPS for the Iberian Peninsula, and the ECMWF 
(European Centre for Medium-Range Weather Forecasts) EPS for Western Europe. Casting them 
against thunderstorm observations (via satellite and lightening detectors), we build a LSTM (Long 
Short-Term Memory) recurrent Neural Network that is trained, tested and validated in a set of days. 

The document describes the weather data used and elaborates on the LSTM recurrent Neural Network 
and some existing methods to verify the quality of the results. Then, we illustrate the results of the 
MetEngine for the three NWP mentioned above. 
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1 Introduction 

1.1 Purpose of the document 

D2.1 deliverable provides an exhaustive report describing all the activities rolled out by WP2 members, 
including -but not restricted to- Numerical Weather Products (NWPs) treatment and variable 
selections, AI-based algorithm (MetEngine core) and verification procedures. 

The ISOBAR Meteo Engine (MetEngine) provides meteorological forecasts at network and local levels. 
The use of MetEngine improves the forecasting accuracy of storms based on convective indicators. 
Figure 1 illustrates the full methodology corresponding to the ISOBAR Meteo engine.  

  

Figure 1. ISOBAR MetEngine Methodology 

MetEngine is based on the use and post-processing of NWPs. NWPs use mathematical models of the 
atmosphere and oceans to predict weather based on current conditions. Ensemble Prediction Systems 
(EPS) will be used to obtain probabilistic forecasts of convective weather.  

These models are the most innovative available for the geographical areas of interest that ISOBAR 
consortium selected, ensuring that the models’ outputs can be transformed in convective indicators:  

• AROME-EPS and AROME-PI for France region. 

• AEMET γSREPS for the Iberian Peninsula.  

• ECMWF EPS for Western Europe 
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Models can provide hourly data for forecasts beyond the timely needs of ATFCM process. γSREPS runs 
twice a day, whereas AROME-EPS runs four times a day and the deterministic model AROME-PI runs 
hourly providing 15-min outputs with a 6h forecast range.  

Post-processing of high-resolution NWP products delivers convection probabilities. To improve 
forecasts for tactical lead times, the outputs of the EPSs will be compared with the nowcasting 
(weather forecasting on a very short-term mesoscale period) data and adapted accordingly: 

1. In the case of French models, an object-based post-processing method is proposed. Object-
based metrics are used to compute weights for time-lagged ensemble forecasts, based on their 
performance at early forecast ranges. 

2. In the case of the Spanish region, the convection probability is updated by weighting members 
of the generating EPS system that are closer to most updated observations.  

These methods provide convection forecasts with hourly outputs. To match with the observation 
network, results are interpolated to recreate them with steps consistent with the storm observation 
data (15 min), by using optical flow interpolation. Once there are time consistent observations, the 
outputs of the different models merge to create a consistent spatial mosaic. This part of the engine is 
focused on the spatial and temporal harmonization of convection indexes. 

Finally, historical convection probabilities along and storm observations (based on Rapid Developing 
Thunderstorms (RDT) data) are used to train a time-lagged model to identify weather conditions that 
are conducive to the development of storms by using a ConvLSTM (convolutional Long Short-Term 
Memory neural network) to identify spatial and temporal correlations between NWP parameters, 
convection probabilities and storms. The output of this model is a probabilistic characterization of 
storm occurrence tailored to the ATM requirements at each step of the ATFCM process. 

1.2 Intended readership 

This document is aimed at the following stakeholders:  

• The SJU; 
• The Cross-Border Weather Operation Initiative led by EUROCONTROL 
• ANSP representatives 
• AU representatives 
• Met Offices representatives. 

1.3 Structure of the document 

The document is structured as follows: 

• Section 2 describes weather data used to run and evaluate MetEngine’s outputs.  

• In Section 3 the verification techniques used in the storm prediction model are presented. 

• Section 5 describes the storm prediction models.  

• Section 6 contains a set of use cases of the developed prediction model.  
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1.4 List of Acronyms 

Table 1. List of Acronyms 

Acronym Definition 

AI Artificial Intelligence 

ATD Arrival Time Difference 

AUC Area Under the ROC Curve 

BC Boundary Conditions 

CNRM Centre National de Recherches Météorologiques 

EPS Ensemble Prediction System 

ECMWF European Centre for Medium-Range Weather Forecasts 

FPR False Positive Rate 

HPC High-Performance Computing 

ICA Index Convection AROME 

IFS Integrated Forecasting System 

GFS Global Forecast System 

GSM Global Spectrum Model 

LAM Limited Area NWP Model 

LSTM Long Short-Term Memory 

MCS Mesoscale Convective System 

NWP Numerical Weather Prediction 

RDT Rapidly Developing Thunderstorm 

RNN Recurrent Neural Network 

ROC Receiver Operating Characteristic 

SEVIRI Spinning Enhanced Visible 

and Infrared Imager 

SRF Short Range Forecasting 

TPR True Positive Rate 

UTC Universal Coordinated Time 

WRF Weather Research and Forecasting 
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2 Weather Data 

As already introduced, we use three different numerical weather forecasts, namely: the ECMWF (with 
a European coverage); the AROME-EPS Forecast (produced by Meteo France, covering an extended 
region over France); and the AEMET-γSREPS EPS Forecast (produced by AEMET, covering an extended 
region over Iberian Peninsula). As observations, we use satellite storm observations and lightening 
detectors. With this information, the goal is to build AI-models that could potentially improve the 
quality of existing indicators. For the sake of comparison, we illustrate herein a convective indicator 
developed by Meteo France. 

2.1 EPS Forecasts 

2.1.1 ECMWF-EPS Forecast 

The European Centre for Medium-Range Weather Forecasts (ECMWF) has pioneered a system to 
predict forecast confidence. This system, operational at ECMWF since 1992, is the Ensemble Prediction 
System (EPS). The ECMWF EPS (Molteni et al., 1996) is composed of 51 ensemble members (50 
perturbed members and one control member) with approximately 32-km resolution up to forecast day 
10 (65-km resolution after that), and 62 vertical levels. It has a global coverage, thus it can be used for 
weather predictions covering the whole European airspace. 

The ECMWF-EPS represents uncertainty by creating a set of 50 forecasts perturbating the initial state 
of the atmosphere (the control), thus also representing the influence of model uncertainties on 
forecast error. The divergence, or spread, of the control plus 50 forecasts gives an estimate of the 
uncertainty of the prediction. 

2.1.2 AROME-EPS Forecast 

The Arome-EPS (Bouttier et al., 2012; Raynaud & Bouttier, 2017; Schellander-Gorgas et al., 2017; Vié 
et al., 2011), which has been running operationally at Météo-France since October 2016, is a 16-
member ensemble based on a 2.5-km version of the Arome-France model (Seity et al., 2011). The 
domain covers the western Europe. The EPS configuration takes the lateral boundary conditions from 
the global French EPS PEARP (Descamps et al., 2015). Initial perturbations are taken from AROME 
ensemble data-assimilation. The contribution of model errors is also represented by adding 
perturbations to some surface variables and to the model physics tendencies (Bouttier et al., 2012, 
2016). AROME-EPS runs four times per day (03:00 UTC, 09:00 UTC, 15:00 UTC, 21:00 UTC), producing 
hourly forecasts up to 45-hour lead-time. 

2.1.3 AEMET-γSREPS 

The AEMET-γSREPS (hereafter γSREPS) (Frogner et al., 2019) is a short-range multi-boundary 
conditions (BC) and multi-model (NWP) kilometric resolution non-hydrostatic convection-permitting 
LAM-EPS (Limited Area NWP Model - Ensemble Prediction System) developed and used by the 
forecasting offices at AEMET. It is daily running since April 2016, currently being integrated twice per 
day at 00 and 12UTC and up to 60 hours over the Iberian Peninsula, and up to 48 hours in cycle 00UTC 
around Canary Islands and Antarctic Peninsula (Gonzalez et al., 2020). The 565×469 grid points' domain 
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is centred over the Iberian Peninsula in a Lambert-conformal conical projection. It has a horizontal 
resolution of 2.5 km and 65 vertical levels. 

The initial and lateral boundary sources of uncertainty are tackled through the multi-boundaries 
approach using five distinct global deterministic NWP models (centre/NWP) as BCs: ECMWF/IFS, 
NOAA-NCEP/GFS, Météo-France/ARPÈGE, Japanese JMA/GSM and Canadian CMC/GEM. γSREPS is 
lagged 12h hours with respect to the BC, that is, its initial conditions are the 12h forecast of the global 
NWP models. The model errors and uncertainties are addressed with the multi-model technique 
executing 4 different LAM-NWP models (centre or consortium/NWP): ACCORD-HIRLAM/HARMONIE-
AROME, ALADIN-LACE/ALARO, NOAA-NCAR/WRF-ARW and NOAA-NCEP/NMMB. As a result of using 
each of the 5 BCs to integrate each one of the 4 mesoscale LAM-NWP models, γSREPS is constituted 
by 20 members. 

Somehow on the one hand, the more synoptic uncertainties in γSREPS forecasts come from the 5 
global NWP models though BCs and on the other one, the more mesoscale and convective 
uncertainties are dealt by the 4 different LAM-NWP models' formulations and approaches simulating 
the real atmosphere. 

Moreover, the overall γSREPS design and settings are focused on looking for the better possible LAM-
EPS for high impact weather (HIW) forecasts in convective events which for instance motivated the 
inclusion of WRF NWP models with a nice performance with heavy convection but very demanding on 
HPC resources. Because of the latter, γSREPS is in fact a very suitable LAM-EPS to apply machine 
learning techniques for convective purposes as explored here with LSTM neural network. 

2.2 Thunderstorm observations 

2.2.1 Satellite Storm Observations 

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

The RDT (Rapidly Developing Thunderstorm) product has been developed by Météo-France in the 
framework of the EUMETSAT NWC-SAF in support to Nowcasting. Using primarily geostationary 
satellite data, it provides information on clouds related to significant convective systems, from meso 
scale (200 to 2000 km) down to smaller scales (tenth of km) (Lee et al., 2020). The RDT product outputs 
storm information on a 15 min interval. Various sources are employed as input: brightness 
temperature, numerical models, lightning data and radar data. The RDT product provides information 
about significant convective systems from the triggering to mature phase. Prior to the analysis, RDT 
performs a cloud filtering to detect cloudy pixels. The detection algorithm defines “cells” which 
represent the cloud systems. In the RDT algorithm, “cells” are defined on infrared images (channel 
IR10.8) by applying a threshold which is specific to each cloud system, and which is chosen on the basis 
of the local brightness temperature pattern (Autonès et al., 2013). The discrimination scheme 
combines statistical decisions and empirical rules. Statistical decisions are applied within a short period 
using three consecutive satellite images of non-convective objects to evaluate the convective status. 
Empirical rules apply after a given period, to check, confirm or declassify the convective characteristic 
of the cloud systems. The final product outputs spatial, temporal characteristics and severity level of 
each "cell" associated with a given convective system. 
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Figure 2: RDT product, showing shape and severity of the thunderstorm 

2.2.2 Lightning Detection Data 

Lightning detection data was provided from the Earth Networks Total Lightning Network. This product 
provides detection data of both intra-cloud and cloud-to-ground flashes, giving the timing, location, 
and peak current measurements. 

 

Figure 3: Average annual ATDnet lightning flash density in Europe during 2008–2017. 
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3 AI Architecture and results verification 

To build the ISOBAR MetEngine, we will rely in a so-called LSTM recurrent neural network. We will 
describe the method in Section 3.1 and, then, in Section 3.2 propose a couple of scores to verify the 
results. 

3.1 LSTM recurrent neural network 

3.1.1 Model description 

An LSTM is a type of recurrent neural network (RNN), RNNs are often used with sequential data 
because of their ability to store information using their internal cell state vector or "memory cell", 
which can account for temporal dynamic behaviour in data. In the case of LSTM, the cell state vector 
or “memory” is manipulated using a series of gates that control the flow of information in and out of 
the memory cell. By selecting the information that is stored in the cell state, relevant information can 
remain in the cell state during training, providing a solution to the vanishing gradient problem of 
traditional RNNs. 

 

Figure 4. LSTM Memory Unit. 

A total of three gates are used to update the cell state in LSTM networks. During the training process, 
the weights of the matrices are adjusted to control the flow of the input, the hidden state and cell 
state through the various gates.  

The first is known as the forget gate, as it removes information from the cell state. Based on the current 
input and previous output or “hidden state”, the forget gate outputs a vector of values between 0 and 
1 to be multiplied to the cell state. A value of 0 will remove the information entirely from the cell state, 
while a value of 1 will keep the information. The forget gate can be expressed using Equation 1. 
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𝑓𝑡 = 𝜎(𝑊𝑓 × 𝑥𝑡 + 𝑈𝑓 × ℎ𝑡−1 + 𝑏𝑓) 1) 

where 𝑓𝑡 denotes forgetting threshold at time t, 𝜎 denotes the sigmoid activation function, 𝑊𝑓 and  𝑈𝑓  

denote the weights, 𝑥𝑡 denotes the input value, ℎ𝑡−1 denotes the output value at time t-1, and 𝑏𝑓 

denotes the bias term. 

The input gate is responsible for adding information to the cell state. Here, the current input and 
previous output are passed through a sigmoid function to determine which values will be updated, as 
well as a tanh function determining the values for the candidate memory. The two outputs are 
multiplied before being added to the cell state. After having gone through the forget and input gates, 
the cell state completes its update given the current input vector. The equations for the input gate, 𝑖𝑡, 
Equation 2, the candidate memory, 𝐶̅, Equation 3 and the newly updated cell state, 𝐶𝑡, Equation 4 can 
be expressed as follows:   

𝑖𝑡 = 𝜎(𝑊𝑖 × 𝑥𝑡 + 𝑈𝑖 × ℎ𝑡−1 + 𝑏𝑖) 2) 

 

𝐶̅ = tanh(𝑊𝑐 × 𝑥𝑡 + 𝑈𝑐 × ℎ𝑡−1 + 𝑏𝑐) 3) 

 

𝐶𝑡 = 𝑓𝑡 × 𝐶𝑡−1 + 𝑖𝑡 × 𝐶�̅� 4) 

Lastly, the current cell state is passed through a 𝑡𝑎𝑛ℎ function before being multiplied by the output 
gate. For this gate, the current input and hidden state are also passed through a sigmoid activation, 
resulting in a vector of values between 0 and 1 responsible for controlling the information from the 
cell state that will be used for the output. The output gate, 𝑜𝑡, and output, ℎ𝑡, can be expressed using 
Equations 5 and 6 respectively. A diagram illustrating the various gates within an LSTM Memory Unit 
is provided in Figure 4. 

𝜎𝑡 = 𝜎(𝑊𝑜 × 𝑥𝑡 +𝑈𝑜 × ℎ𝑡−1 + 𝑏𝑜) 5) 

 

ℎ𝑡 = 𝑜𝑡 × tanh(𝐶𝑡) 6) 

3.1.2 Dataset 

Before training our machine learning model, it was necessary to build a data set combining the forecast 
and observational data on a common spatial and temporal resolution. Given the objective of having 
the forecast as input data to our model, the forecast grid and hourly time step was chosen as the 
common spatial and temporal resolution to define the other data sources. 

In the case of the RDT product, to reconcile the differences in the temporal resolution, 1 hour for the 
forecast predictions versus 15 minutes for the RDT observations, a grid point is classified as convective 
if a storm observation is present during any of the four observations instances within the hour. For 
example, the RDT storm observations from 13:00, 13:15, 13:30 and 13:45 would be used to classify the 
EPS data for 13:00. Furthermore, the severity and altitude label of the grid point was determined based 
on the "worst case" storm observation within the hour, the worst case was defined as the highest 
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cloud top altitude and highest severity rating given by RDT. The RDT product also provides the 
coordinates of present overshooting tops. 

For the lightning data, only the timing and location parameters were considered. The lightning flash 
data was aggregated into hourly time steps. The information relating to lightning classification (intra-
cloud/ground-to-cloud) and peak current measurements was not utilized. 

3.1.3 Target function 

After successfully integrating the forecast and observation data, it was necessary to define the target 
function for the machine learning model. It was desired to create a target function that captured the 
various elements of interest, severity, cloud top altitude, overshooting tops, and lightning.  

In the case of the severity related targets, the distinct severity categories provided by the RDT product 
were utilized, these consist of Not Defined, Low, Moderate, High, and Very High. Using these five 
severity ratings, an array of binary targets was used to represent storm severity. In defining the binary 
severity target, it is assumed that if a storm is true for a given severity category, it must also be true at 
all the less severe categories. Using this logic, it is assumed that the severity category Not Defined is 
the least severe category, as a result the Not Defined is equivalent to a binary representation of all 
storms. For example, the severity for a grid point containing low severity storm could be expressed as 
[1, 1, 0, 0, 0] and high severity as [1, 1, 1, 1, 0]. 

In the case of altitude, the cloud top value provided by RDT and given in hectopascals is rounded to 
the nearest multiple of 25. The resulting rounded values are used to obtain five altitude levels defined 
using the values 275, 250, 225, 200 and 175. Like severity rating, it was possible to define altitude using 
binary array representing the five altitude levels. Given the nature of convective storms, it is assumed 
that if a storm is present at a given altitude level, it is also present at all lower altitude levels.  

 For the overshoots and lightning, binary targets were created using the closest forecast grid point to 
the overshoot or lightning location. These two additional binary targets represented if an overshoots 
or lightning was present within the hour. 

Having successfully integrated the forecast with observations from RDT product and lightning 
detection data we are able to define the 12 binary targets for each forecast grid point. The 12 binary 
targets are summarized in Table 2. 

Table 2. Binary Targets. 

Target Description 

Severity - Not Defined Storm severity Not Defined or greater / (All 
Storms 

Severity - Low Storm severity Low or greater 

Severity - Moderate Storm severity Moderate or greater 

Severity - High Storm severity High or greater 

Severity - Very High Storm severity Very High 
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Altitude - 275 Storm present at altitude 275 hPa 

Altitude - 250 Storm present at altitude 250 hPa 

Altitude - 225 Storm present at altitude 225 hPa 

Altitude - 200 Storm present at altitude 200 hPa 

Altitude - 175 Storm present at altitude 175 hPa 

Overshoots Overshooting top present 

Lightning Lightning detected 

3.2 Verification Techniques 

3.2.1 Observational data 

In this study RDT (Rapid Development Thunderstorms) is used as observation to compare probability 
forecasts of total and moderate convection to observed convection. The RDT convection warning 
product provides information about significant convective systems from the triggering to mature 
phase. It contains the list of significant cloud systems, among which convective ones, and details its 
characteristics for each cloud system. The discrimination method makes use of discrimination 
parameters calculated from five SEVIRI channels (remote sensor from satellite). RDT product provides 
information about convective cells and the corresponding severity. Classes range from low severity to 
very high severity. 

3.2.2 Probabilistic scores 

Convective risk is provided in terms of probability. The quality of the forecast is evaluated using 
probabilistic scores. A brief description of the scores computed for verification scopes is presented. 
Note that across the deliverable, we will use the ROC curve and the likelihood. 

3.2.2.1 Brier score 

Brier score is a metric largely used in verification problems, involving probability forecasts for 
dichotomous predictands. In this case, forecasts predict if a given grid point is convective or not. Brier 
score corresponds to the mean squared error of the probability forecasts, considering that the 
observation 𝑜 = 1 if the event occurs (convective) and that it is 0 otherwise (not convective). The score 
stands for the averages of the squared differences between pairs of forecast probabilities and binary 
observations: 

𝐵𝑆 =
1

𝑛
∑(𝑦𝑘 − 𝑜𝑘)

2

𝑛

𝑘=1

 7) 

where the index 𝑘 browses the 𝑛 forecast-event pairs. 𝑦𝑘  represents the forecast probability of the 
event, and 𝑜𝑘 is the event occurrence (0,1). The Brier score is negatively oriented, meaning that the 
lower the value the better the forecast. 
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3.2.2.2 Attribute diagram 

The attribute diagram is composed of the reliability diagram and a plot of forecast frequency 
histogram. The reliability diagram stands for the reliability as the ability of the model to produce 
probabilities of an event corresponding to its observed frequency. A system is perfectly reliable if the 
proportion of occurred event conditioned by the probability forecast corresponds to the probability 
forecast value for all the probability intervals. In a nutshell, for a reliable forecasting system we expect 
that, for 10% convective risk, convection should occur 1 10⁄  of the time for a given period, 2 10⁄  of 
the time for 20% convective risk and so on. In a reliability diagram the horizontal axis shows the 
forecast probability, whereas the ordinate axis corresponds to the conditional distribution of the 
observations. Therefore, the departure between the points and the bisector is a measure of the lack 
of reliability. For a perfectly reliable system, all the points should match the bisector. 

A forecast frequency histogram provides additional information about the frequency of alarms issued. 
A flat frequency histogram shows no sharpness, meaning that all classes of risk are issued with the 
same frequencies. One of the conditions to obtain a perfect histogram is to have maximum sharpness, 
meaning that all forecast probabilities should be close to 0% or 100%. This condition should ease the 
interpretation of the risk for a decision-maker. 

 

Figure 5: Attribute diagram: a reliability diagram (upper) and a plot of a confidence histogram (lower) 

3.2.2.3 The Receiver Operating Characteristic (ROC) curve 

The ROC score evaluates the ability of the forecast to discriminate between events and non-events. 
Like in the discrimination diagram, the ROC is conditioned by the observations. Considering a given 
forecast threshold (e.g., 10%, 20%, ...), the contingency table elements True Positive Rate (TPR) and 
False Positive Rate (FPR) are considered. A True Positive Rate is the probability that an actual positive 
(convective) will test positive. The False Positive Rate is the proportion of true negatives that are 
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misclassified as positives. The TPR is plotted as a function of the FPR for various forecast probabilities. 
The two extremes of the ROC curve are by construction set on the origin and on (𝑥 = 1, 𝑦 = 1) even 
when these cases are not sampled. The perfect forecast exhibits 𝐹𝑃𝑅 = 0 and 𝑇𝑃𝑅 = 1, and is 
associated with an area beneath the curve equal to 1. Conversely, random forecasts would result in 
the same value of TPR and FPR for all the probability thresholds, represented by the diagonal. Beneath 
this line, the ROC score denotes no skill forecasts. 

 

Figure 6: ROC curve 

3.2.2.4 Likelihood function 

The likelihood function (often simply called the likelihood) describes the joint probability of the 
observed data as a function of the parameters of the chosen statistical model. For each specific 
parameter value A in the parameter space, the likelihood function p (X| A) therefore assigns a 
probabilistic prediction to the observed data X. In discrete classifiers, these functions are represented 
using histograms. 

In Figure 7, TP stands for True Positives, TN for True negatives, FP for False positives, FN for False 
Negatives. In the case of not having any intersection between the two functions (histograms for 
discrete), the classifier would classify the two classes perfectly.   
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Figure 7: example of likelihood. 
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4 Arome Convection Indicator 

4.1 The proxy variable 

Convection is identified using the maximum reflectivity variable predicted by AROME-EPS as proxy 
variable. The reflectivity is a measure of the radar cross-section of targets that can be detected by 
weather radar. It is a function of the 3D concentration of hydrometeors (water drops, snow crystals, 
hail, and sleet grains). Reflectivity is commonly exploited for the mapping of convective activity (Jensen 
et al., 2010; Kain et al., 2010; Starzec et al., 2018). As proxy variable, it can sometimes produce some 
false alarms. It may occur to observe large reflectivity values during intense stratiform precipitation 
(this issue is fixed by the introduction of the ICA variable as additional predictor, whose details are 
given later). The maximum reflectivity predicted by AROME-EPS corresponds to the maximum value of 
reflectivity along the vertical section at a given grid point. It follows that this variable enables the 
discrimination of convection along the horizontal dimensions, but not along the vertical one. 
Therefore, the product is assumed to be 2D by construction. 

Two levels of convection are defined: total convection and moderate convection. Total convection is 
assigned to the areas where the maximum reflectivity is larger than zero. Total convection should 
include any type of severity of convection, for instance, some weak convective cells as well as severe 
and structured systems like MCSs (Mesoscale Convective Systems). Moderate convection is assigned 
to the areas where the maximum reflectivity is larger than an empirical threshold value. Differently 
from total convection, the moderate one does not consider thunderstorms characterised by low 
severity, but only moderate or higher severity. 

4.2 Similarity-based method 

The method is elaborated to identify whether a given grid-point is convective or not. The detection is 
based on the comparison between a local histogram computed in a circular neighbourhood and a 
reference histogram for each class of targeted convection (total and moderate convection). A similarity 
threshold is defined to evaluate the discrepancy between the histograms. If the similarity between the 
local histogram and the reference histogram is larger than this threshold, the grid-point is referred as 
convective. 

In the original formulation of this method, the detection of precipitation objects relates to the 
distribution of precipitation intensity inside a given contour. This distribution is represented by a 
precipitation frequency histogram (see Figure 8). To detect convection objects, the method has been 
adapted to target the maximum reflectivity field. To define convective objects, two reference 
histograms, describing total and moderate convection, have been computed on approximately 150 
past cases of convective precipitation from AROME‐EPS ensemble forecasts. 
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Figure 8. Schematic representation of the similarity-based method. 

4.3 The Object-Oriented Approach 

Small-scale unpredictable details of convective structures are known to be associated with large 
uncertainty in the prediction of convective events. Accuracy is low at the scale of the model resolution, 
resulting in time and position errors. To cope with these spatial/timing errors, model output is 
processed following a fuzzy object-oriented approach to extract features that are associated with a 
higher predictability than the direct model outputs. The use of an object-oriented approach to target 
convective risk is a widespread practice in air traffic control. For instance, European Cross Border 
Weather Advisory produces daily forecast output in the form of polygonal areas, which indicate the 
expected probability and severity of convective activity. In this study, this notion is taken in 
consideration, but using another approach, which is described in (Raynaud et al., 2019; Rottner et al., 
2019). In its original formulation, this method was developed at CNRM research lab to identify 
coherent precipitation objects from simulated precipitation fields. Responding to the project 
requirements, the algorithm has been adapted to the use of simulated maximum reflectivity field as 
input variable to target coherent spatial zones associated with a given severity of convection. 

For each member of AROME-EPS, the maximum reflectivity variable is processed using the similarity-
based method (for more details see Section 4.2) to obtain total and moderate convection objects.  

In Figure 9 the top figures represent the total (Figure 9a) and moderate (Figure 9b) convection objects 
detected from maximum reflectivity field for the member 1 of AROME-EPS for the 25 August 2019 at 
21:00 UTC (the simulation started the 25 August 2019 at 03:00 UTC). The maximum reflectivity field is 
represented by the colour range, the total convection objects are delimited by the yellow contours, 
and the moderate convection objects by the orange contours. In Figure 9 the middle figures, as for 
figures (a) and (b) but using the member 2 of AROME-EPS. In Figure 9 the bottom figures represent 
total (Figure 9e) and moderate (Figure 9d) convective risk for the same date and time from AROME-
EPS obtained by merging objects detected in the 16 AROME-EPS members (including members 1 et 2 
shown in Figure 9 (a)-(d)). 
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4.4 Total and moderate convective risk 

Convection objects computed for each of the 16 members of AROME-EPS are merged to produce two 
summary composite maps: total convective risk and moderate convective risk. The probability of 

Figure 9. AROME-EPS for the 25 August 2019 at 21:00 UTC (the simulation started the 25 August 
2019 at 03:00 UTC). 
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occurrence of total convection quantifies the total convective risk, while the probability of occurrence 
of moderate convection (defined in the subsection “The proxy variable”) quantifies the moderate 
convective risk. The product covers the same domain as AROME-EPS with the same spatial resolution. 
Convective risk is provided in terms of hourly probability ranging from 0% to 100% . 

The merging operation is computed for all the grid points, and for total and moderate convective risk 
using the following formula: 

𝑃(𝑥, 𝑦) =
1

𝑁𝑒𝑛𝑠
∑ 𝑃𝑘(𝑥, 𝑦)

𝑁𝑒𝑛𝑠

𝑘=1

 8) 

where 𝑃𝑘 = 1 if coordinates (𝑥, 𝑦) is convective for the 𝑘𝑡ℎ member at a given forecast time, 𝑃𝑘 = 0 
elsewhere. 

Figure 9e shows the total convective risk, obtained by merging convection objects from member 1 
(Figure 9a), member 2 (Figure 9c) and objects from the remaining 14 members of the model. In this 
example a strong risk of convection is forecast over Spain and Eastern Portugal. Central Europe is 
affected by a medium risk. Composite map of moderate convective risk is represented in Figure 9f. A 
high risk of moderate convection involved the Iberian Peninsula. Central Europe is associated with a 
low risk of moderate convection. 

4.5 Refinement of the method 

During the development stage of the product, some preliminary tests showed two main sources of 
errors arising from the application of the method described above: timing errors and errors related to 
the discrimination of the type of precipitation. 

4.5.1 Timing averaging 

The visual inspection of convective risk in some study cases highlighted the presence of timing errors. 
These errors are characterised by a loss of spatial consistency of convective risk outputs between 
consecutive time steps. 

To reduce timing errors, time averaging is added to the previous formula: 

𝑃(𝑥, 𝑦) =
1

2𝑡𝑤 + 1

1

𝑁𝑒𝑛𝑠
∑ ∑ 𝑃𝑘

𝑡+𝑡ℎ(𝑥, 𝑦)

𝑁𝑒𝑛𝑠

𝑘=1

+𝑡𝑤

𝑡ℎ=−𝑡𝑤

 9) 

where 𝑡𝑤 is the time averaging window and 𝑃𝑘
𝑡+𝑡𝑤 is computed using the forecast at the lead-time 𝑡 +

𝑡ℎ. Total and moderate convective risk are generated using 𝑡𝑤 = 1 hour. 

4.5.2 Extra variable: ICA (Index of Convection AROME) diagnostic 

A source of error caused using the maximum reflectivity as proxy variable is the misclassification of the 
type of precipitation. This error is observed in the presence of large stratiform rainbands that are not 
associated with convection, and that occur more frequently in autumn or winter. This results in a 
significant number of false detections. To reduce the number of false alarms, an additional condition 
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has been added to the merging operation, which are applied to convective objects computed from 
each member of AROME-EPS. 

This condition involves the use of an extra variable: the ICA diagnostic. This variable is used to exclude 
detected objects that are not associated with convection. This variable is composed by a combination 
of the index of Jefferson modified (Peppier, 1988), atmospheric forcing and convergence at 950 hPa 
forecast by the model. The detected objects are retained if a sufficiently large fraction of the grid-
points within the object meets the condition ICA ≥ 5. This fraction threshold belongs to the tuning 
parameters of the method, which are optimised by the sensitivity tests. 

4.6 Calibration of the method 

A series of tests comparing convective risk forecasts to observations have been performed using 
different values of the parameters defined in the similarity-based method (for more details see Section 
4.2). These tests were designed to objectively identify few configurations of the algorithm producing 
skilful forecasts. Based on these best selected configurations, some study cases comparing them were 
then submitted to the partners of the project to identify the best configurations for total and moderate 
convective risk. This survey led to the definition of the final product for total and moderate convective 
risk forecasts, whose performance is presented in the following section. 

4.7 Verification of the method 

4.7.1 Total convective risk 

Total convective risk has been compared using all types of severity (total convection) from RDT 
product. Probabilistic scores for total convective risk are presented in Figure 10. Figure 10a shows the 
Brier score (for more details see Section 3.2.2.1) computed at different lead times. Brier score gets 
worse during the afternoon and evening hours because convection tends to increase during this time 
of day. If we examine the attribute diagram (for more details see Section 3.2.2.2) (Figure 10b), we 
could observe a “wet bias”, implying that forecast produces too false alarms, especially for large 
forecast probabilities. This effect is revealed by the presence of lower points in the reliability diagram 
compared to the diagonal. The forecast frequency histogram is presented in logarithmic scale. Many 
no convection phenomena are produced because, during the period and over the domain, convection 
is rarer than no convection. The other forecast probabilities are issued with a similar frequency, but 
with a slight predominance of low probabilities. The ROC (for more details see Section 3.2.2.3) score 
(Figure 10c) highlights the potential skill from forecasts, represented by a high curve. More specifically 
TPR are larger than FPR. The area under the ROC curve is 0.85. A perfect forecast exhibits a value of 1, 
meaning that the present product produces informative forecasts compared to a random forecast. 
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Figure 10. Probabilistic scores for total convective risk computed for July 2019. 

4.7.2 Moderate convective risk 

The same scores are calculated, but for moderate convective risk. For this comparison, the reference 
is moderate convection extracted from RDT, which we define as the grid-points where RDT product is 
classified with moderate or higher severity (i.e., moderate severity, or high severity, or very high 
severity). 
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Brier (for more details see Section 3.2.2.1) score (Figure 11a) for moderate convection is closer to zero 
than the Brier Score computed for the total convection (Figure 10a). The Brier score is sensitive to the 
frequency of occurrence of the predicted event. Therefore, if we hypothesized the same skill for the 
total and the moderate convection, the Brier score computed for moderate convection would be 
systematically lower, given that moderate convection is rarer than total convection. This intrinsic 
property of Brier score does not allow to draw conclusions from this comparison. It is interesting to 
observe that Brier gets worse during the afternoon (at forecast ranges of 12 hours, which corresponds 
to the prediction for 15.00 since the forecast release is at 03 a.m.), while for total convection (Figure 
10a) the maximum was achieved during evening hours (at forecast ranges of 15 hours, which 
corresponds to the prediction for 18.00 since the forecast release is at 03 a.m.). This could be related 
to a residual presence of weak convection during the evening hours, while moderate convection occurs 
mainly during the diurnal hours. A “wet bias” is still observed from the attribute diagram (for more 
information see Section 3.2.2.2) (Figure 11b), but false alarms tend to be less significant than is the 
case of total convective risk product. The frequency histogram shows that forecasts are more often 
associated with low forecast probabilities than large probabilities. ROC (for more details see Section 
3.2.2.3) diagram (Figure 11c) is quite similar than the total convective risk, meaning that the ratio of 
TPR and FPR is of the same order of magnitude. The area under the ROC curve exhibits the same value 
than for the total convection (0.85). 
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Figure 11. Probabilistic scores for moderate convective risk computed for July 2019 
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5 ISOBAR Met-Engine (Storm Prediction) 

Multi-model ensemble is a technique in which the predictions of a collection of numerical weather 
prediction (NWP) models (e.g., ECMWF IFS, γ-SREPS, AROME-EPS) are given as inputs to the learning 
model. The learning model is trained to combine input data optimally to form a final set of predictions.  

The multi-model approach makes use of different sources of data than the single-model approach. An 
algorithm based on the multi-model approach is expected to be more effective. On the other hand, 
the multi-model approach increases the level of complexity of the algorithm architecture. High-
resolution NWP models have different characteristics related to each specific design: set of 
parameters, targeted area, spatial resolution, and forecast time range. 

The combination of these different characteristics makes the implementation of the multi-model 
approach in the AI algorithm challenging. For this reason, ISOBAR MetEngine is focusing on the 
application of IA method using each NWP model separately. 

For sake of consistency, object-based probabilistic forecasts of convection produced by Météo-France 
are computed using a single-model approach, by using AROME-EPS as input model. 
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5.1 AROME Met Engine Model 

The problem is formulated as a stateless LSTM model with a sequence length of 3 time-steps, see 
Section 3.1 for more information. The input sequence for our model consisted of the NWP parameter 
values at time steps t-2, t-1, and t. A schematic showing the concept for the learning task is provided 
in Figure 12. 

 

Figure 12. Concept for AROME Machine Learning Task. 

In training this model architecture, each forecast ensemble members (16 in AROME forecasts) were 
provided as an independent data sample to the model. In this sense, each forecast time produced 16 
data samples for the model to train. 

The architecture for this model consisted of 45 input features, representing the 43 AROME parameters 
(see Table 3, note that AROME is providing in some parameter (e.g.: Temperature, geometrical heigh, 
etc. ) values per vertical level) plus two additional features to account for the hour and range of the 
forecast. The hour of the day was added to account for the weather patterns that occur throughout 
the diurnal cycle. The range of forecast was added to account for how far into the future a prediction 
is made. We hypothesized that the model may give more weight to certain parameters based on the 
forecast range. 

Given the problem formulation, the network input size resulted in 3 (sequence length) x 45 (features). 
All 45 features were normalized using a standard scaler function before fitting the model to account 
for the order of magnitude differences between the parameter values. The LSTM model contained one 
hidden layer consisting of 36 nodes, and one dense output layer of 12 nodes equivalent with the 
number of outputs. 

To evaluate the results using this model architecture, a prediction is made for each of the 16 members 
and the 16 predictions are then averaged to obtain the results. 
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The deep learning convection indicator was trained, validated, and tested with roughly three weeks of 
data. The entire experimental data set was comprised of forecast and observations pertaining to June 
18-23, July 23-28, and August 23-28. These days were selected because of the active convective 
activity, see Table 4.  

Table 3. Total list of AROME atmospheric parameters used in the Machine Learning Task. 

Parameter Level 

u-component of wind (gust) 10 meters 

v-component of wind (gust) 10 meters 

10 metre U wind  10 meters 

10 metre V wind y 10 meters 

Temperature 800 hPa 

Temperature 400 hPa 

Temperature 250 hPa 

Temperature 2 meters 

Temperature Surface 

Surface solar radiation downwards Surface 

Goemetrical height Surface 

Relative humidity 800 hPa 

Relative humidity 400 hPa 

Relative humidity 250 hPa 

Relative humidity 10 meters 

Relative humidity 2 meters 

Turbulent kinetic energy 10 meters 

Turbulent kinetic energy 100 meters 

Turbulent kinetic energy 150 meters 

Fraction of cloud cover 10 meters   

Fraction of cloud cover 20 meters 

High cloud cover Surface 

Medium cloud cover Surface 

Low cloud cover  Surface 

Divergence 950 hPa 

Graupel: snow pellets  Surface 

Reflectivity 800 hPa 

Reflectivity 400 hPa 

Reflectivity 300 hPa 

Reflectivity 250 hPa 

Reflectivity 200 hPa 

Convective Available Potential Energy Surface 

Total column integrated water vapour Surface 

Rain precipitation rate Surface 

Pressure Surface 

Pressure reduced to MSL Mean Sea Level 
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Table 4. Forecast Release dates used for training, validation, and testing in AROME model. All dates are from 
2019. 

Training Validation Test 

Jun-18 Jun-20 Aug-23 

Jun-19 Jun-21 Aug-24 

Jun-22  Aug-25 

Jul-23  Aug-26 

Jul-26  Aug-27 

Jul-27   

 

5.1.1 Verification of the method 

The model's overall performance is presented in Figure 13 for all binary targets. ROC curve generally 
shows a good performance, with a better performance in high severity storms and overshoots than 
other targets, and non-define (all storms) target presents the worst performance (see AUC values in 
the legend from Figure 13). 

Besides the ROC curves, the results are presented using normalized histograms. Figure 14 and Figure 
15 present histograms for the 12 binary targets. In the graphs the target distribution is shown in red, 
while the non-target class is shown in grey. Given the class imbalance in the test data set, the 
distributions have been normalized so that the two classes occupy the same area in the graphs. Ideally, 
we would like the two distributions completely separated, with the non-target (grey) distribution 
closer to a prediction score 0 and the target class (red) closer to a prediction score of 1. A model with 
good classification performance will minimize the overlap between the two distributions.  

From the figures we can notice that the moderate, high, and very high severity histograms have less 
overlap between the target and non-target distributions. It is also worth noting that for some targets 
such as the very high severity, the 175 hPa cloud top, lightning and overshoots, the model predicts 
very low values, this is due to the low occurrence frequency for these targets within the training data 
set. It is possible to increase model prediction value for these "rare" outputs by providing additional 
training data to increase the frequency of these rare events in the data set, additionally we could also 
increase the sample weights during the training process. However, given the binary nature of the 
problem, regardless of the magnitude of the prediction value, it is still necessary to define a threshold 
value to assess if the model prediction should belong to the positive class. Despite the varying ranges 
of prediction values for multiple output classes, the model shows a good classification performance. 
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Figure 13. ROC curve MetEngine AROME model for 12 binary targets. 

 

 
a) Lightning 

 
b) Overshoot 

Figure 14. Normalized histograms for lightning and overshoot targets for AROME MetEngine Model. 
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a) All Storms 

 
b) Low Severity 

 
c) Moderate Severity 

 
d) High Severity 

 
e) Very High Severity 

 
f) Cloud top altitude 275hPa (FL320) 

 
g) Cloud top altitude 250hPa (FL340) 

 
h) Cloud top altitude 225hPa (FL360) 

 
i) Cloud top altitude 200hPa (FL390) 

 
j) Cloud top altitude 175hPa (FL410) 

Figure 15. Normalized histograms for severity and cloud top altitude related targets for AROME MetEngine 
Model. 
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5.2 γSREPS Meteo Engine Model 

As for the AROME model, γSREPS model uses the LSTM recurrent neural network described in Section 
3.1 with a sequence length of 3 time-steps. A schematic showing the concept for the learning task is 
provided in Figure 16. 

 

Figure 16. Concept for γSREPS Machine Learning Task. 

In training this model architecture, each forecast ensemble members (20 in γSREPS forecasts) were 
provided as an independent data sample to the model. In this sense, each forecast time produced 20 
data samples for the model to train.  

The architecture for this model consisted of 24 input features, representing the 22 γSREPS parameters 
(see Table 5) plus two additional features to account for the hour and range of the forecast. The hour 
of the day was added to account for the weather patterns that occur throughout the diurnal cycle. The 
range of forecast was added to account for how far into the future a prediction is made. We 
hypothesized that the model may give more weight to certain parameters based on the forecast range. 

Given the problem formulation, the network input size resulted in 3 (sequence length) x 24 (features). 
All 24 features were normalized using a standard scaler function before fitting the model to account 
for the order of magnitude differences between the parameter values. The LSTM model contained one 
hidden layer consisting of 36 nodes, and one dense output layer of 12 nodes equivalent with the 
number of outputs. 

To evaluate the results using this model architecture, a prediction is made for each of the 20 members 
and the 20 predictions are then averaged to obtain the results. 

Our complete data set consisted of γSREPS forecast from June 18-22, July 23-27, and August 23-27, 
2019. For each day, the forecast released at time 00:00 was utilized, and a time horizon up to 36 hours 
was considered. Correspondingly, the RDT storm observations and lightning detection data from June 
18-23, July 23-28 and August 23-28 were considered. The complete data set was then split into three 
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subsets for the purposes of training, validation, and testing. Table 6 provides the breakdown of which 
days were utilized in each subset. 

Table 5. Total list of γSREPS atmospheric parameters used in the Machine Learning Task. 

Parameter Pressure Level 

Geopotential Surface 

2 metre temperature Surface 

Relative humidity Surface 

Specific humidity Surface 

Pressure Surface 

Total cloud cover Surface 

High cloud cover Surface 

Medium cloud cover Surface 

Low cloud cover Surface 

Precipitable water Surface 

Total precipitation Surface 

Convective Available Potential Energy Surface 

Convective Inhibition Surface 

Temperature 250 hPa 

Temperature 500 hPa 

Temperature  850 hPa 

Geopotential 250 hPa 

Geopotential 500 hPa 

Geopotential 850 hPa 

Relative humidity 250 hPa 

Relative humidity 500 hPa 

Relative humidity 850 hPa 

 

 

Table 6. Dates used for training, validation, and testing in γSREPS model. All dates are from 2019. 

Training Validation Test 

Jun-18 Jul-26 Aug-23 

Jun-19 Jul-27 Aug-24 

Jun-20 Jul-28 Aug-25 

Jun-21  Aug-26 

Jun-22  Aug-27 

Jun-23  Aug-28 

Jul-23   

Jul-24   

Jul-25   

 

5.2.1.1 Verification of the method 

Like in AROME model, the ROC and the normalized histograms are presented. Where better results 
are observed in general in all binary targets. Also, more homogeneous results because all curves are 
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located close to the top left and then all AUC values are closer to 1 in all binary targets then in AROME 
model, see Figure 17.  

In Figure 18 and Figure 19 the normalized histograms are presented, and all binary targets have less 
overlap between the target and non-target distributions than in the AROME model. 

 

 

Figure 17. ROC curve MetEngine γSREPS model for 12 binary targets. 

 

 
a) Lightning 

 
b) Overshoot 

Figure 18. Normalized histograms for lightning and overshoot targets for γSREPS MetEngine Model. 
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a) All Storms 

 
b) Low Severity 

 
c) Moderate Severity 

 
d) High Severity 

 
e) Very High Severity 

 
f) Cloud top altitude 275hPa (FL320) 

 
g) Cloud top altitude 250hPa (FL340) 

 
h) Cloud top altitude 225hPa (FL360) 

 
i) Cloud top altitude 200hPa (FL390). 

 
j) Cloud top altitude 175hPa (FL410) 

Figure 19. Normalized histograms for severity and cloud top altitude related targets for γSREPS MetEngine 
Model. 
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5.3 EMCWF Meteo Engine Model 

The model is formulated as a MLP (Multi-layer Prediction) neural network. The learning task of 
predicting convective weather was formulated as a binary classification problem. Based on the 23 
inputs derived from the NWP forecast our model was trained to classify a grid-point as either 
convective (class 1) or not-convective (class 0). It is important to note that the model does not consider 
the latitude–longitude of the grid-point, providing a location-independent prediction based only on 
the physical NWP parameters.  

The 23 NWP features (see Table 7) were normalized using a standard scaler function before fitting the 
model to account for the order of magnitude differences between the values. The model consisted of 
the input layer with 23 nodes, two hidden layers of 16 nodes each and the output layer containing one 
node. The nodes in the hidden layers of the model used a Rectified Linear Unit activation function, 
while the node in the output layer used a Sigmoid activation function. By having a Sigmoid output, the 
model predicts a value between 0 and 1 instead of binary. This output value is representative of the 
confidence the sample is convective (class 1). Additionally, during training dropout layers of fraction 
0.2 were introduced after each hidden layer. Dropout is a technique to prevent over-fitting of the 
model by randomly ignoring a fraction of the nodes during each iteration of training, in effect reducing 
the interdependent learning between neurons. In Figure 1 a schematic representation shows the 
model architecture and data process from EPS data to convection indicator. 

 

Figure 20. Concept for ECMWF Machine Learning Task. 

 

For this study an integrated data set of EPS forecast and RDT observations covering the month of June 
2018 is used. From the 30 days in June, 16 days are selected for training, 7 days for validation and 7 
for testing, exact dates used for each data subset can be seen in Table 8. This partition was preferred 
over a sequential split to ensure sufficient convective samples in each subset. It is acknowledged that 
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having a test data set embedded within the training data could introduce look-ahead bias in our results, 
however considering the NWP forecast is provided in hourly time steps and that the lifespan of 
convective events is on the order of hours, each day is treated independently. We assume that the 
convective events occurring on a specific day are independent from those occurring on a separate day. 
While temporal correlations exist in the atmosphere over consecutive days, we assume these 
correlations are more likely to be inherent within the NWP input than learned by the model. 

 

Table 7. Total list of ECMWF atmospheric parameters used in the Machine Learning Task. 

Parameter Short Name 

2 meter dewpoint  2d 

2 meter temperature 2t 

Convective available potential energy cape 

Convective available potential energy 1 h 
before 

cape-1 

Convective available potential energy 2 h 
before 

cape-2 

Convective available potential energy 3 h 
before 

cape-3 

Convective inhibition cin 

Convective precipitation cp 

Convective rain rate crr 

Height of convective cloud top hcct 

Hour of day hour 

K index kx 

Large scale precipitation lsp 

Large scale rain rate lsrr 

Surface latent heat flux slhf 

Surface pressure Sp 

Surface sensible heat flux sshf 

Range of forecast  range 

Total cloud cover  tcc 

Total column water  tcw 

Total column water vapor  tcwv 

Total totals index  totalx 

Geopotential z 

 

 

 

Table 8. Dates used for training, validation, and testing in ECMWF model. All dates are from 2018. 

Training Validation Test 

Jun-01 Jun-03 Jun-04 

Jun-02 Jun-07 Jun-08 

Jun-05 Jun-11 Jun-12 
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Jun-06 Jun-15 Jun-16 

Jun-09 Jun-19 Jun-20 

Jun-10 Jun-23 Jun-24 

Jun-13 Jun-27 Jun-28 

Jun-14   

Jun-17   

Jun-18   

Jun-21   

Jun-22   

Jun-25   

Jun-26   

Jun-29   

Jun-30   

 

5.3.1.1 Verification of the method 

In Figure 21 ROC results are presented for the 7 days in the test data set. From the figure it is evident 
that the NN model has a good value of AUC. It is important to note that the AUC value is dependent 
on the data set being analysed. The NN model is good at identifying areas without convection (true 
negatives), thus analysis of days with few convective storms will yield greater AUC values. 

In Figure 22 results are presented for the entire test data set using the prediction score by class. 
Histograms are provided for the neural network model. In the graphs the convection class is shown in 
red, while the non-convective class is shown in grey. Given the class imbalance in the test data set, the 
distributions have been normalized so that the two classes occupy the same area in the graphs. Ideally, 
we would like the two distributions completely separated, with the no convective (grey) distribution 
closer to a prediction score 0 and the convective distribution (red) closer to a prediction score of 1. 
The histogram shows few overlaps between the two class distributions indicating better performance. 
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Figure 21. ROC curve ECMWF model for entire test data set. 

 

 

Figure 22. Normalized histograms showing the class distributions of neural network model for the data set. 
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6 Use Cases 

6.1 Storm prediction based on the Arome Convection Indicator 

6.1.1 On the 13th of July 2019 

A study case is given in Figure 23. During the afternoon of 13 July 2019, total convection (Figure 23b) 
developed over Northern Iberian Peninsula, Central Europe, and Italy. An extreme risk of total 
convection (Figure 23a) is forecast over the Iberian Peninsula and part of Italy, while a moderate risk 
(Figure 23c) is issued for Central Europe. As it should be expected, moderate convective risk targets 
smaller areas than total convective risk. It matches quite accurately the zones of RDT product 
exhibiting moderate or higher severity of convection (Figure 23d). 

 

Figure 23. AROME-EPS for the 13 July 2019 at 15:00 UTC (the simulation started the 13 July 2019 at 03:00 UTC). 

6.1.2 On the 17th of July 2019 

Figure 24 shows a situation characterized by convection over Spain and the Alps. The convective risk 
issued for total convection is high (Figure 24a) over the same areas where total convection from RDT 
occurs (Figure 24b). A risk between 5% and 10% affects part of the UK. One single small convective cell 
is observed over this area. Moderate convective risk (Figure 24c) is forecast over the same zone as 
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total convective risk, although high risk field is less large over the Alpine area. Moderate or higher 
severity convection is observed in correspondence of the areas labelled with high risk. 

 

 

Figure 24. AROME-EPS for the 17 July 2019 at 17:00 UTC (the simulation started the 17 July 2019 at 03:00 
UTC). 

6.2 Storm Prediction based on the ISOBAR MetEngine 

6.2.1 Use case for AROME model on the 27th of August 2019 

Figure 25 and Figure 26 show an AROME model prediction. The left figure represents real storms at 
12h the 27 August 2019, and on the right side the associated prediction of the probability of convection 
using the forecast at 03 hours the day before (26 August 2019). Low convective risk is presented in the 
UK and the center of France. Meanwhile, a higher convective risk is located on the Spanish 
Mediterranean coast. 
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Figure 25. MetEngine AROME all Storms, FL390 and hight severity predictions for the 27 August 2019 at 12:00 
UTC (the simulation started the 26 August 2019 at 03:00 UTC). 

 

Figure 26. MetEngine AROME lightnings and overshoots predictions for the 27 August 2019 at 12:00 UTC (the 
simulation started the 26 August 2019 at 03:00 UTC). 

6.2.2 Use case for γSREPS model on the 25th of August 2019 

Figure 27 and Figure 28 show a γSREPS model prediction. The left figure represents real storms at 07h 
the 25 August 2019, and on the right side the associated prediction of the probability of convection 
using the forecast at 03 hours. High convective risk is forecasted in the northwest area. High severe 
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storm is predicted with a low convective risk probability and no storms of that category eventually 
happen. 

 

 

Figure 27. MetEngine γSREPS all Storms, FL390 and hight severity predictions for the 25 August 2019 at 07:00 
UTC (the simulation started the 25 August 2019 at 03:00 UTC). 

 

 

Figure 28. MetEngine γSREPS lightnings and overshoots predictions for the 25 August 2019 at 07:00 UTC (the 
simulation started the 25 August 2019 at 03:00 UTC). 

6.2.3 Use Case in ECMWF model on the 7th of June 2018 

Figure 29 shows an ECMWF model prediction, in the left figure represents real storms at 00h the 8 

June 2018 and in the right side the associated prediction of the probability of convection using the 
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forecast at 12 hours from the day before (the 7 July 2018). Storm over Italy is very well capture with a 
likelihood of more than 90% of risk. Small probability, a 60%, is given to the storms located over 
Germany and Hungary. 

 

a) 

 

b) 

Figure 29. MetEngine ECMW for the 8 June 2018 at 00:00 UTC (the simulation started the 7 June 2018 at 12:00 
UTC). 
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7 Conclusion 

ISOBAR MetEngine consists of 3 AI modules, one per NWP, AROME-EPS and AROME-PI for the France 
region, the AEMET γSREPS for the Iberian Peninsula, and the ECMWF EPS for Western Europe. The AI 
are LSTM, where the NWP models act as input to the network and RDTs in the target function 
determination. According to the verification results on ROC curves and likelihood, the γSREPS model 
seems to present a better response, along with the 12 binary targets. Still, it is essential to mention 
that the three models do not have the exact same number of samples for training. Yet, the number of 
storms is not the same because all three models are focused on different geographical regions, and 
NWPs do not have the same list of parameters. 

An AROME convection indicator prediction was also created as a benchmark and is an example of a 
single model approach based on an object-based approach. This probability of total and moderate 
convection occurrence is generated from hourly forecasts of AROME-EPS and provides the total and 
moderate risk of convection over western Europe. It covers a forecast range from 1-hour to 45-hours 
lead times and has the exact spatial resolution as AROME-EPS and γSREPS (2.5-km). Risk is defined as 
a probability value at a given grid point. It is worth noting that the risk is not associated with a given 
flight level but with the whole vertical section at a given point. Scores exhibit some skilful properties 
of the product, notably a large area under the ROC curve. A lack of sharpness is observed from forecast 
frequency histograms, and many false alarms are observed for the total convective risk product. This 
configuration was preferred over others that showed fewer false alarms since the selection prioritises 
the number of true detections. 

Case studies globally showed a positive behaviour of the forecasts. Despite the tuning exercise, some 
cases are still characterised by poor prognoses. The accuracy of the product can be lost by the inherent 
errors coming from the Numerical Weather Prediction model. These errors can be associated with 
spatial and intensity discrepancies between the forecast and the real state. Since the product consists 
of post-processing of raw weather forecast, the source of error arising from the model cannot be 
reduced or removed.  

As part of the ISOBAR project, MetEngine was developed by applying AI techniques and providing many 
output values, including convective risk. A comparative study between these two products is ongoing. 
AROME convection indicator is used as the benchmark to evaluate the efficiency of the IA approach. 

 

 

https://www.sesarju.eu/


MULTI-MODEL PROBABILITY OF CONVECTION ON A SET OF USE CASES  
 

  
 

Page I 50 
 

  
 

 

8 References 

Autonès, F., Moisselin, J.-M., & Fernandez, P. (2013). Algorithm Theoretical Basis Document for “Rapid 
Development Thunderstorms” (RDT-PGE11 v3.0) (Issue SAF/NWC/CDOP2/MFT/SCI/ATBD/11). 

Bouttier, F., Raynaud, L., Nuissier, O., & Ménétrier, B. (2016). Sensitivity of the AROME ensemble to 
initial and surface perturbations during HyMeX. Quarterly Journal of the Royal Meteorological 
Society, 142(S1), 390–403. https://doi.org/https://doi.org/10.1002/qj.2622 

Bouttier, F., Vié, B., Nuissier, O., & Raynaud, L. (2012). Impact of Stochastic Physics in a Convection-
Permitting Ensemble. Monthly Weather Review, 140(11), 3706–3721. 
https://doi.org/10.1175/MWR-D-12-00031.1 

Descamps, L., Labadie, C., Joly, A., Bazile, E., Arbogast, P., & Cébron, P. (2015). PEARP, the Météo-
France short-range ensemble prediction system. Quarterly Journal of the Royal Meteorological 
Society, 141(690), 1671–1685. https://doi.org/https://doi.org/10.1002/qj.2469 

Frogner, I.-L., Andrae, U., Bojarova, J., Callado, A., Escribà, P., Feddersen, H., Hally, A., Kauhanen, J., 
Randriamampianina, R., Singleton, A., Smet, G., van der Veen, S., & Vignes, O. (2019). 
HarmonEPS—The HARMONIE Ensemble Prediction System. Weather and Forecasting, 34(6), 
1909–1937. https://doi.org/10.1175/WAF-D-19-0030.1 

Gonzalez, S., Callado, A., Mart\’\inez, M., & Elvira, B. (2020). The AEMET-$γ$SREPS over the Antarctic 
Peninsula and the impact of kilometric-resolution EPS on logistic activities on the continent. 
Advances in Science and Research, 17, 209–217. https://doi.org/10.5194/asr-17-209-2020 

Jensen, T. L., Harrold, M., Brown, B. G., Weiss, S. J., Marsh, P. T., Xue, M., Kong, F., Clark, A. J., Thomas, 
K. W., Kain, J. S., & others. (2010). An Overview of the Objective Evaluation Performed During the 
Hazardous Weather Testbed (HWT) 2010 Spring Experimen. 25th Conference on Severe Local 
Storms, 11–14. 

Kain, J. S., Xue, M., Coniglio, M. C., Weiss, S. J., Kong, F., Jensen, T. L., Brown, B. G., Gao, J., Brewster, 
K., Thomas, K. W., & others. (2010). Assessing advances in the assimilation of radar data and other 
mesoscale observations within a collaborative forecasting--research environment. Weather and 
Forecasting, 25(5), 1510–1521. 

Lee, J.-G., Min, K.-H., Park, H., Kim, Y., Chung, C.-Y., & Chang, E.-C. (2020). Improvement of the Rapid-
Development Thunderstorm (RDT) Algorithm for Use with the GK2A Satellite. Asia-Pacific Journal 
of Atmospheric Sciences, 56(2), 307–319. https://doi.org/10.1007/s13143-020-00182-6 

Molteni, F., Buizza, R., Palmer, T. N., & Petroliagis, T. (1996). The ECMWF ensemble prediction system: 
Methodology and validation. Quarterly journal of the royal meteorological society, 122(529), 73-
119. 

Peppier, R. A. (1988). A REVIEW OF STATIC STABILITY INDICES AND RELATED THERMODYNAMIC 
PARAMETERS. 

Raynaud, L., & Bouttier, F. (2017). The impact of horizontal resolution and ensemble size for 
convective-scale probabilistic forecasts. Quarterly Journal of the Royal Meteorological Society, 
143(709), 3037–3047. https://doi.org/https://doi.org/10.1002/qj.3159 

Raynaud, L., Pechin, I., Arbogast, P., Rottner, L., & Destouches, M. (2019). Object-based verification 
metrics applied to the evaluation and weighting of convective-scale precipitation forecasts. 
Quarterly Journal of the Royal Meteorological Society, 145(722), 1992–2008. 
https://doi.org/https://doi.org/10.1002/qj.3540 

Rottner, L., Arbogast, P., Destouches, M., Hamidi, Y., & Raynaud, L. (2019). The similarity-based 
method: a new object detection method for deterministic and ensemble weather forecasts. 
Advances in Science and Research, 16, 209–213. https://doi.org/10.5194/asr-16-209-2019 

Schellander-Gorgas, T., Wang, Y., Meier, F., Weidle, F., Wittmann, C., & Kann, A. (2017). On the forecast 

https://www.sesarju.eu/


MULTI-MODEL PROBABILITY OF CONVECTION ON A SET OF USE CASES  
 

  
 

Page I 51 
 

  
 

 

skill of a convection-permitting ensemble. Geoscientific Model Development, 10(1), 35–56. 
https://doi.org/10.5194/gmd-10-35-2017 

Seity, Y., Brousseau, P., Malardel, S., Hello, G., Bénard, P., Bouttier, F., Lac, C., & Masson, V. (2011). The 
AROME-France Convective-Scale Operational Model. Monthly Weather Review, 139(3), 976–991. 
https://doi.org/10.1175/2010MWR3425.1 

Starzec, M., Mullendore, G. L., & Kucera, P. A. (2018). Using radar reflectivity to evaluate the vertical 
structure of forecast convection. Journal of Applied Meteorology and Climatology, 57(12), 2835–
2849. 

Vié, B., Nuissier, O., & Ducrocq, V. (2011). Cloud-Resolving Ensemble Simulations of Mediterranean 
Heavy Precipitating Events: Uncertainty on Initial Conditions and Lateral Boundary Conditions. 
Monthly Weather Review, 139(2), 403–423. https://doi.org/10.1175/2010MWR3487.1 

 
  

https://www.sesarju.eu/


MULTI-MODEL PROBABILITY OF CONVECTION ON A SET OF USE CASES  
 

  
 

Page I 52 
 

  
 

 

 
 
 
 
 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

https://www.sesarju.eu/

