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Prepared by an international expert, Alejandro Marti in partnership with the LEPL National Environ-
mental Agency (NEA) of the Ministry of Environmental Protection and Agriculture of Georgia with as-
sistance from the United Nations Development Programme (UNDP) and the Swiss Agency for Devel-
opment and Cooperation (SDC). The views expressed are those of the authors and do not necessarily 
reflect those of UNDP and SDC.

The seven-year USD 73.6 million programme on reducing the risk of climate-driven disasters is imple-
mented by the United Nations Development Programme (UNDP) and benefits from the USD 27 million 
grant from the Green Climate Fund (GCF), a USD 5 million grant from the Swiss Government, a USD 3.6 
million grant from the Government of Sweden and USD 38 million in co-financing from the Govern-
ment of Georgia. The programme consists of three interrelated projects:

GCF funded: Scaling-up a Multi-Hazard Early Warning System and the Use of Climate Information in 
Georgia

SDC funded: Strengthening Climate Adaptation Capacities in Georgia

SIDA funded: Improved Resilience of Communities to Climate Risks
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Executive Summary

INTRODUCTION

The complexity of Georgia’s relief, ranging from sea-level bordering the Black Sea and all the way to 
5,068.8 m as its highest peak, results in a large variety of micro-climates where convective systems can 
develop very quickly and sometimes produce hailstorms and windstorms. The Atlas of Natural Hazards 
and Risks in Georgia, prepared by the Caucasus Environmental NGO Network and partners, indicates 
that 330 hail events were recorded by the National Environmental Agency (NEA) in Georgia between 
1995 and 2017. This is an average of 14 events per year with 36 events recorded in 2017 alone. During 
the same time, 202 severe or extreme wind events were recorded with an annual average of nine 
events and 37 windstorm events taking place in 2017. In fact, both hazards are common phenomena in 
the country and the numbers shown only represent a part of the real number of occurrences.

While hail and wind can impact properties, cars and infrastructure, the main losses result from agri-
cultural damage. This is particularly evident in the Kakheti region which is famous for its vineyards. 
Between 1995 and 2017, the damage caused by hail and wind in Georgia in total accumulated to near-
ly GEL 700 million (GEL 337.9 million losses attributed to hail and GEL 347.25 million to wind events 
(CENN 2018). This is a significant loss for the country’s economy: an average annual loss for both haz-
ards of nearly GEL 30 million over the last 23 years (CENN 2018). Sadly, the number of recorded hail/
wind severe events shows an upward trend.  

Hailstorms are purely atmospheric-based phenomena. Hailstorms tend to be localised and show a 
large spatial and temporal variability. The main precursors of hail are atmospheric instability, water 
content, vertical wind shear and the existence of lifting mechanisms like orographic up-slope flows, 
low pressure systems with low-level convergence or differential heating, among others. The hailstorm 
recurrence study presented in Van Westen et al. (2012) showed that 44% of its recurrence is on the 
cold front, 24% on the wave disturbance, 17% on the internal mass convection process and 15% on the 
occluded front.   

In Georgia, hailstorms mainly occur during the warm season, especially from April to July (see Figure 1) 
even though isolated events can be found in any season of the year.

Windstorms can also show similar characteristics to hailstorms or even occur simultaneously with 
them when caused by down-bursts from thunderstorms. However, windstorms tend to last for hours 
or even several days and cover great extensions when caused by large-scale weather systems such as 
cold fronts associated with intense low-pressure systems (e.g., intense winter storms) and strong jet-

NWP Numerical Weather Prediction

PBL Planet Boundary Layer

POT Peak Over Threshold

RAIN Rain Gauge Post

RD Road Department

RF Random Foresest

RMSE Root Mean Square Error

ROC Receiver Operator Curve

RSMC Regional Specialised Meteorological Centre

SDC Swiss Development and Cooperation 

SIDA Swedish International Development Cooperation Agency 

SMOTE Synthetic Minority Oversampling Technique

SWED Severe Weather Events Dataset

UNDP United Nations Development Programme

UNDRR United Nations Office for Disaster Risk Reduction

VSRF Very Short-Range Forecasting

WMC World Meteorological Centre

WMO World Meteorological Organization

WPS WRF pre-processing system

WRF Weather Research and Forecasting

WRF-DA WRF data assimilation system

WWW World Weather Watch 
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stream winds overhead. Enhanced by the complexity of Georgia’s relief, when cold fronts pass over 
mountains, cold air accelerates producing severe down-slope wind (katabatic winds) episodes with 
a high potential damage to communications and power transmission lines, transport infrastructure 
and agriculture. Especially, dust storms and blizzards are extremely dangerous and can produce huge 
economic losses. 

STAKEHOLDER MAPPING

Any communication of risk, such as weather warnings or disaster-prone areas mapping, that are going out to 
stakeholders and users must be clearly understood in order to maximise their efficacy. This applies to short 
and long-term scenarios, public and private decision makers and at a national or regional level. Establishing 
well defined communication channels between the NEA and product stakeholders and end-users should be 
considered top priority. The Methodology for Windstorm and Hailstorm (MWHMM) includes a list of stake-
holders and potential users of hailstorm and windstorm hazard maps and weather warnings.

Uses of Windstorm and Hailstorm Hazard Maps and Information Identification

Windstorm and hailstorm hazard maps are used in different ways, especially considering their time 
window applicability: long-term and short-term. The use of each temporal scale is different in nature 
and some examples are given in the following points. 

Long-term

These are national or regional hazard maps showing the overall probability of occurrence and return 
periods of such events, including severity considerations. They are mainly built on top of historical data 
analysis based on the hazard climatology. 

Short-term

This product comprises hazard maps that communicate warnings of upcoming events to stakeholders 
and end-users. They result from monitoring and forecasting processes based on observational data 
integration and modelling practices.  

Hailstorm and windstorm hazard maps built to communicate warnings of upcoming events in a short-
term framework rely on NWP models outputs. However, given the characteristic rapid and localised 
development of the extreme convective events, short-term hazard maps are expected to be: 

•	 Based on the analysis of a set of predictors linked to hail and extreme wind atmospheric 
prone conditions.

•	 Somehow imprecise in location and time.

•	 Built on top of a probabilistic approach. 

The ability to produce hazard maps with a more certain location and timing implies working under a 
nowcasting timeframe (very short-term periods of up to two hours or less). Nowcasting methodologies 

encompass monitoring the state of the atmosphere in near-real-time thanks to relevant weather ob-
servational data and the use of NWP models that incorporate data assimilation methodologies (mainly 
radar and satellite data). 

For hazards derived from extreme convective events, the spatial resolution used in models has to be 
in the 3-km to 1-km range to allow for convection to be resolved. It is important to note that radar sys-
tems have a clear advantage over all other observing systems when it comes to phenomena associated 
with severe storms. The <1-km resolution and three-dimensional vision allow for observing a storm 
structure and the estimate severity and trajectory as well as identifying traces of the type of hydrome-
teor developed within the storm or the wind intensity.

REVIEW OF RELEVANT EU DIRECTIVES AND WMO GUIDELINES

An in-depth analysis of available WMO guidelines and EU directives showed that explicit documents for 
hazard mapping, such as the Integrated Flood Management Tools Series from the WMO (Issues 19 
and 20), are not available for windstorms and hailstorms. There are, nonetheless, various WMO pub-
lications that have been identified from which valuable information on climatological practices (e.g., 
WMO-No. 100) and on methodological approaches for modelling, mapping and assessment of both 
hazards can be derived. The documents summarised in the MWHMM present forecasting, nowcasting 
and data management directives and practices that make up the foundations for further hazard mod-
elling and mapping methodologies based on observed and reported extreme events.

DATA REQUIREMENTS AND AVAILABILITY FOR WINDSTORM AND HAILSTORM 
HAZARD MODELLING AND MAPPING

Several types of data can be used in different ways for hailstorm and windstorm hazards mapping and 
modelling approaches. Each data source has its own strengths and weaknesses but from a general per-
spective, data usability and reliability rely on:   

•	 Physical parameters included. 

•	 Data quality controlled.

•	 Accessible and trackable.

•	 Sufficient length of the track-record and the absence of temporal gaps.

•	  Complete spatial coverage of the region evaluated.

•	  Spatial and temporal resolution.

The representativeness of a hazard mapping approach may vary significantly given (i) the type of the 
datasets available, (ii) their completeness and temporal length and (iii) the level of complexity of the 
concrete methodologies applied. 

Executive Summary 
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METHODOLOGIES AND PROCEDURES FOR A WINDSTORM AND  
HAILSTORM MODELLING, MAPPING

Any hazard mapping methodology applied to hailstorms, windstorms or any other weather-related 
hazard begins with the construction of a homogeneous dataset where all the events reported are 
introduced following a unified criterion. This dataset should include all the relevant information from 
the events that may be needed later in the assessment, modelling and mapping processes along with a 
consistent measurement methodology. The dataset should include at least the following fields:

i  Date
ii  Time 
iii  Location 
iv. Measured/estimated intensity (max hail  

diameter/max wind gust speed) 
v. Amount (amount of hail per area/sustained  

wind speed)
vi. Duration

vii. Damages
viii. Event characterisation considering 

synoptic,  
mesoscale and local characteristics

ix  Event classification into a pre-defined 
severity scale 

x  Confidence level on the reported in-
formation (e.g., high, medium or low)

From here onwards, this generic homogeneous dataset is called the Severe Weather Events Dataset 
(SWED). Typical sources of data used to compile it are:  

•	 Meteorological spotter reports 
•	 Surface weather station data
•	 Remote sensing data (radar, satellite, etc.)
•	 Soundings and vertical profiler data
•	 Hail pad data  

•	 General public reports (e.g., social networks) 
•	 Media (e.g., newspapers)
•	 Emergency services reports
•	 Damage reports (e.g., crops damage, property 

damage, etc.)
•	 Insurers (claims data)

Unfortunately, all these sources of information have several drawbacks and shortcomings stemming 
from non-meteorological factors like: 

•	 Regional biases given differences in population density across the country. 

•	 Non-severe events are typically under-reported.

•	 Intensity of the phenomena is not reported (not measured) or is estimated inconsistently. 

All of these aspects are found globally and affect the usefulness of these data, hindering a robust eval-
uation of the spatial-temporal characteristics of phenomena; in this case, related to severe convective 
storms (e.g., hailstorms and windstorms). In addition to these drawbacks, and like the particular case of 
the available datasets at the NEA, data might have temporal gaps, inconsistency due to data acquisition 
practices or station network configuration changing over time and have vastly missing information like 
hailstone size (diameter) and density (amount per area). Like the example shown in Figure 3 on re-
ported hailstorm events, these datasets are insufficient to build a complete catalogue of events which 
hinders the application of simple approaches to hazard mapping like linear multiple regression analysis 
(considering geographical parameters like elevation, slope, or distance from the sea to extrapolate ex-
isting data to regions without measurements). 

To overcome the catalogue deficiencies, the following approach is provided within MWHMM for hail-
storm and windstorm hazard mapping for Georgia:  

Reanalysis Data + Machine Learning Classifiers + Physical Modelling +  
Statistical Analysis + Mapping

MODEL UPDATING AND MAINTENANCE

Model Packaging

The initial deployment of the model will be presented as a collection of executable interactive Python 
scripts in the form of interactive Jupyter notebooks (using Voilà, Plotly or papermill). In this way, users 
can be engaged by coming from domains of expertise different than ML and who might not have any 
programming knowledge. Interactive Python notebooks are a simple way to create standard looking web-
pages and dashboards that allow the user to control certain parameters and, if configured appropriately, 
let them choose between different setups, outputs or even recompute light quantities (i.e., not a full sim-
ulation but a recalibration of the uncertainty computation). This technology is not suitable for massively 
accessed applications, but it is rather good for prototypes that will only have a few users at the time. 

The final version of the model will be presented as a robust Python package as well as being deployed 
within the GEORG-AI platform. 

By presenting the algorithm in a Python package, maintenance becomes straightforward as it is easy to:

1. Modularise different functions and data formats.

2. Clearly document the role and use of each function.

3. Integrate the algorithm into external software (GEORG-AI).

4. Expand by adding new features and datatypes to the model.

5. Test that the functions are behaving correctly using Python’s testing suites.

CDD Creation and Hazard Mapping

The Machine Learning Classifier used to build the historical CDD ought to be periodically retrained to 
include more recent and a greater number of observations. Retraining the model in this way prevents 
it from becoming outdated and will allow the capture of new phenomena. However, the model only 
needs to be retrained if new and updated hazard maps are required.  

Moving forward, the CDD will grow over time to include newly observed convective events. Given the 
extension of the AWS and radar networks that will be implemented in Georgia, the CDD will gradual-
ly move from mostly ML predicted convective events, dates, and locations to a higher proportion of 
actual observations and their associated intensities. This will serve to increase the accuracy of the ML 
model as the training dataset becomes more complete and more reliable. 

Executive Summary 
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The training (retraining) dataset is not equivalent to the CDD as it contains historical time series to the 
present day with each date labelled as a convective event or not whereas the CDD is the predicted list 
of dates/locations resulting from the application of the MLC to reanalysis data across the whole set of 
ERA5 grid points over Georgia.

Model retraining will require data science expertise. 

Early Warning System (EWS)

The proposed Early Warning System will use a similar Machine Learning Classifier to predict the ap-
pearance of hailstorms/windstorms on short future timescales using meteorological forecasts. The 
given predictions would be served on a daily basis and constant retraining vis-à-vis this model will be 
required.

The growing training dataset will be the same as used above and, again, in theory the model should 
become more accurate as the proportion of high-quality convective event data increases.

Data science expertise is required to assimilate new data into the training dataset and manage the 
retraining algorithm.

Introduction 

The complexity of Georgia’s relief, ranging from sea-level bordering the Black Sea and all the way 
to 5,068.8 m as its highest peak, results in a large variety of micro-climates where convective 
systems can develop very quickly and sometimes produce hailstorms and windstorms. The Atlas 
of Natural Hazards and Risks in Georgia, prepared by the Caucasus Environmental NGO Network 
and partners, indicates that 330 hail events were recorded by the National Environmental Agency 
(NEA) in Georgia between 1995 and 2017. This is an average of 14 events per year with 36 events 
recorded in 2017 alone. During the same time, 202 severe or extreme wind events were recorded 
with an annual average of nine events and 37 windstorm events taking place in 2017. In fact, both 
hazards are common phenomena in the country and the numbers shown only represent a part of 
the real number of occurrences.

While hail and wind can impact properties, cars and infrastructure, the main losses result from agri-
cultural damage. This is particularly evident in the Kakheti region which is famous for its vineyards. 
Between 1995 and 2017, the damage caused by hail and wind in Georgia in total accumulated to near-
ly GEL 700 million (GEL 337.9 million losses attributed to hail and GEL 347.25 million to wind events 
(CENN 2018). This is a significant loss for the country’s economy: an average annual loss for both haz-
ards of nearly GEL 30 million over the last 23 years (CENN 2018). Sadly, the number of recorded hail/
wind severe events shows an upward trend.  

The Methodology for Windstorm and Hailstorm modelling and mapping (MWHMM) is mainly focused 
on extreme convective events, such as thunderstorms, because of their complexity and because they 
are a common precursor of both hazards. The rapid and localised development of such events repre-
sent a clear challenge for scientists and forecasters. The methodologies used to model and map wind

-

storms and hailstorms are normally comparable as both are atmospheric-based phenomena. Thus, 
MWHMM deals with both hazards in a similar way, identifying those areas where significant differences 
are relevant. 

01
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CHapter 1
Introduction

1.1  Principal Weather Regimes in Georgia

The weather in Georgia is mainly influenced by western and eastern synoptic processes and by local 
processes due to the complexity of the country’s relief. The western process is very important in Geor-
gia because it may be accompanied by heavy precipitation. Conditions in that case are usually cloudy 
and rainy in most of the territory, wind blows mainly from the west and the temperatures drop slightly. 
This process is driven by a pressure gradient directed from the west to the east, promoting an invasion 
of an air-mass from the west that increases its humidity while crossing the Black Sea. Under these 
conditions, heavy precipitation take place mainly in the west of Georgia. However, when the air-mass 
invasion is mostly continental and influenced by polar air-masses, precipitation is not as abundant as 
in a pure western process. 

The eastern process is driven by the presence of a low-pressure area on the Black Sea and the corre-
sponding pressure gradient directed from east to west. This process can be enhanced by a high-pres-
sure area in the north of the Caucasus fostered by a cold front coming from the north (or northwest) 
and stopped by the Caucasus mountainous relief. In the eastern edge of the Caucasus already in the 
Caspian Sea, the eastern part of the cold front might bend and enter the Georgian territory towards the 
west. If this process takes place simultaneously with a western air-mass invasion, then this is a called 
bilateral process and the weather conditions in Georgia become cloudy and accompanied by heavy rain 
and a significant drop in temperatures.

Local convective processes with a rapid development in Georgia are mainly found during the warm 
period enhanced by local circulations and the complex relief of the country. However, given the charac-
teristic warm winters, convective events accompanied by heavy precipitation can also occur during the 
winter period, especially in the western part of the country alongside the Black Sea.  

1.2.1 Hailstorm Hazard Profile for Georgia

Hailstorms are purely atmospheric-based phenomena. Hailstorms tend to be localised and show a 
large spatial and temporal variability. The main precursors of hail are atmospheric instability, water 
content, vertical wind shear and the existence of lifting mechanisms like orographic up-slope flows, 
low pressure systems with low-level convergence or differential heating, among others. The hail-
storm recurrence study presented in Van Westen et al. (2012) showed that 44% of its recurrence is 
on the cold front, 24% on the wave disturbance, 17% on the internal mass convection process and 
15% on the occluded front.   

In Georgia, hailstorms mainly occur during the warm season, especially from April to July (see Figure 
1) even though isolated events can be found in any season of the year. Their intensity and frequency is 
extremely high in Eastern Georgia (see Figure 1).

  

Figure 1. Number of hail events recorded at 26 sites for the period 1993-2020, this dataset does not include hail size measurements. 

Source: NEA hailstorm dataset 

Figure 2. Number of hail events per municipality recorded in the period 1887-2010 

Source: CENN 2018
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Introduction

risks is set out in the United Nations-endorsed Hyogo Framework for Action, adopted in 2005, whose 
expected outcome is “The substantial reduction of disaster losses, in lives and the social, economic and 
environmental assets of communities and countries.” The International Strategy for Disaster Reduction 
(ISDR) system provides a vehicle for cooperation among Governments, organisations, and civil society 
actors to assist in the implementation of the Framework. Note that while the term “disaster reduction” 
is sometimes used, the term “disaster risk reduction” provides a better recognition of the ongoing na-
ture of disaster risks and the ongoing potential to reduce these risks. (UNISDR, 2009)

Early Warning System - The set of capacities needed to generate and disseminate timely and meaning-
ful warning information to enable individuals, communities and organizations threatened by a hazard 
to prepare and to act appropriately and in sufficient time to reduce the possibility of harm or loss. Com-
ment: This definition encompasses the range of factors necessary to achieve effective responses to 
warnings. A people-centred early warning system necessarily comprises four key elements: knowledge 
of the risks; monitoring, analysis and forecasting of the hazards; communication or dissemination of 
alerts and warnings; and local capabilities to respond to the warnings received. The expression “end-
toend warning system” is also used to emphasize that warning systems need to span all steps from 
hazard detection through to community response. (UNISDR, 2009)

Forecast - Definite statement or statistical estimate of the likely occurrence of a future event or con-
ditions for a specific area. Comment: In meteorology a forecast refers to a future condition, whereas a 
warning refers to a potentially dangerous future condition (UNISDR, 2009)

Hazard - A dangerous phenomenon, substance, human activity or condition that may cause loss of 
life, injury or other health impacts, property damage, loss of livelihoods and services, social and 
economic disruption, or environmental damage. Comment: The hazards of concern to disaster risk 
reduction as stated in footnote 3 of the Hyogo Framework are “… hazards of natural origin and relat-
ed environmental and technological hazards and risks.” Such hazards arise from a variety of geolog-
ical, meteorological, hydrological, oceanic, biological, and technological sources, sometimes acting 
in combination. In technical settings, hazards are described quantitatively by the likely frequency of 
occurrence of different intensities for different areas, as determined from historical data or scientific 
analysis. (UNISDR, 2009)

Mitigation - The lessening or limitation of the adverse impacts of hazards and related disasters. Com-
ment: The adverse impacts of hazards often cannot be prevented fully, but their scale or severity can be 
substantially lessened by various strategies and actions. Mitigation measures encompass engineering 
techniques and hazard-resistant construction as well as improved environmental policies and public 
awareness. It should be noted that in climate change policy, “mitigation” is defined differently, being 
the term used for the reduction of greenhouse gas emissions that are the source of climate change. 
(UNISDR, 2009)

Nowcasting – The forecasting with local detail, by any method, over a period from the present to 6 
hours ahead, including a detailed description of the present weather. Nowcasting relies heavily on rap-
idly updated, high-resolution observations (e.g., radar, satellite, lightning networks, surface stations, 
etc.) available on an integrated display system that can be easily operated by the so called, nowcaster. 

1.2.2 Windstorm Hazard Profile for Georgia

Windstorms can also show similar characteristics to hailstorms or even occur simultaneously 
with them when caused by down-bursts from thunderstorms. However, windstorms tend to last 
for hours or even several days and cover great extensions when caused by large-scale weather 
systems such as cold fronts associated with intense low-pressure systems (e.g., intense winter 
storms) and strong jet-stream winds overhead. Enhanced by the complexity of Georgia’s relief, 
when cold fronts pass over mountains, cold air accelerates producing severe down-slope wind (ka-
tabatic winds) episodes with a high potential damage to communications and power transmission 
lines, transport infrastructure and agriculture. Especially, dust storms and blizzards are extremely 
dangerous and can produce huge economic losses. 

1.2 Definitions

Disaster - A serious disruption of the functioning of a community or a society involving widespread 
human, material, economic or environmental losses and impacts, which exceeds the ability of the af-
fected community or society to cope using its own resources. Comment: Disasters are often described 
as a result of the combination of the exposure to a hazard; the conditions of vulnerability that are pres-
ent; and insufficient capacity or measures to reduce or cope with the potential negative consequences. 
Disaster impacts may include loss of life, injury, disease and other negative effects on human physical, 
mental and social well-being, together with damage to property, destruction of assets, loss of services, 
social and economic disruption, and environmental degradation. (UNISDR, 2009)

Disaster Risk - The potential disaster losses, in lives, health status, livelihoods, assets and services, 
which could occur to a particular community or a society over some specified future time period. Com-
ment: The definition of disaster risk reflects the concept of disasters as the outcome of continuously 
present conditions of risk. Disaster risk comprises different types of potential losses which are often 
difficult to quantify. Nevertheless, with knowledge of the prevailing hazards and the patterns of pop-
ulation and socio-economic development, disaster risks can be assessed and mapped, in broad terms 
at least. (UNISDR 2009)

Disaster Risk Management - The systematic process of using administrative directives, organizations, 
and operational skills and capacities to implement strategies, policies and improved coping capacities 
in order to lessen the adverse impacts of hazards and the possibility of disaster. Comment: This term 
is an extension of the more general term “risk management” to address the specific issue of disaster 
risks. Disaster risk management aims to avoid, lessen or transfer the adverse effects of hazards through 
activities and measures for prevention, mitigation and preparedness. (UNISDR, 2009)

Disaster Risk Reduction - The concept and practice of reducing disaster risks through systematic efforts 
to analyse and manage the causal factors of disasters, including through reduced exposure to hazards, 
lessened vulnerability of people and property, wise management of land and the environment, and 
improved preparedness for adverse events. Comment: A comprehensive approach to reduce disaster 
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The nowcaster is especially concerned with providing accurate warnings on imminent or high probabil-
ity of occurring severe and hazardous weather events. (WMO-No. 1198)

Prevention - The outright avoidance of adverse impacts of hazards and related disasters. Comment: 
Prevention (i.e., disaster prevention) expresses the concept and intention to completely avoid poten-
tial adverse impacts through action taken in advance. Examples include dams or embankments that 
eliminate flood risks, land-use regulations that do not permit any settlement in high risk zones, and 
seismic engineering designs that ensure the survival and function of a critical building in any likely 
earthquake. Very often the complete avoidance of losses is not feasible and the task transforms to that 
of mitigation. Partly for this reason, the terms prevention and mitigation are sometimes used inter-
changeably in casual use.

Risk Management - The systematic approach and practice of managing uncertainty to minimize poten-
tial harm and loss. Comment: Risk management comprises risk assessment and analysis, and the imple-
mentation of strategies and specific actions to control, reduce and transfer risks. It is widely practiced 
by organizations to minimise risk in investment decisions and to address operational risks such as those 
of business disruption, production failure, environmental damage, social impacts and damage from 
fire and natural hazards. Risk management is a core issue for sectors such as water supply, energy, and 
agriculture whose production is directly affected by extremes of weather and climate. (UNISDR, 2009)

Stakeholder Mapping

Any communication of risk, such as weather warnings or disaster-prone areas mapping, that are going 
out to stakeholders and users must be clearly understood in order to maximise their efficacy. This ap-
plies to short and long-term scenarios, public and private decision makers and at a national or regional 
level. Establishing well defined communication channels between the NEA and product stakeholders 
and end-users should be considered top priority. The following sub-sections include a list of stakehold-
ers and potential users of hailstorm and windstorm hazard maps and weather warnings.

Besides the general public, the key users and stakeholders for windstorm and hailstorm hazard 
maps are:

2.1 Main Stakeholders

Governmental stakeholders

Governmental institutions and departments considered principal stakeholders listed below:

Table 1. Stakeholders for windstorm and hailstorm modelling and hazard mapping.

Stakeholder Applications

Ministry of Environmental Protection and Agriculture (MEPA)
- Identification of high hazard zones 
- Support of policy/strategy development
- Resilience investment planning support

Emergency Management Service (EMS)
- Identification of high hazard zones 
- Disaster preparedness planning support 

Road Department of the Ministry of Infrastructure and Region-

al Development (MRDI, RD)

- Identification of high hazard zones 
- Construction project planning support 
- Economic investment planning support 

Power Engineering Department of the Ministry of Economy 

and Sustainable Development (MoESD)

- Identification of high hazard zones 
- Long-term strategy planning support 

Ministry of Energy
- Identification of high hazard zones 
- Identification of high energy potential zones 
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Sector stakeholders 

Specific sector stakeholders and associated applications are listed below: 

Table 2. Specific sector stakeholders for windstorm and hailstorm modelling and hazard mapping.

Stakeholder Applications

Agriculture and Food Security Sector
- Event preparedness (long and short-term)  
- Yield/livestock protection measures 
- Damage avoidance support 

Fishery and Aquaculture Sector
- Event preparedness (long and short-term)  
- Yield/livestock protection measures 

Construction Sector
- Identification of high hazard zones 
- Construction project planning support 
- Resilience requirement estimation  

Insurance Sector
- Underwriting support 
- Damage avoidance support 
- Event response 

Recreational Sector - Event management support 

Aviation Sector
- Event preparedness (long and short-term)  
- Damage avoidance support 

Maritime Sector
- Event preparedness (long and short-term)  
- Damage avoidance support 

Logistics Sector
- Event preparedness (long and short-term)  
- Damage avoidance support 

Ground Transportation Sector
- Event preparedness (long and short-term)  
- Damage avoidance support 

Academia

Specific academia stakeholders and associated applications are listed below:

Table 3. Academia stakeholders for windstorm and hailstorm modelling and hazard mapping.

Stakeholder Applications

Scientific research centres
- Hazard research support
- Climate change research support 

Universities - MSc/PhD project support 

2.2 Uses of Windstorm and Hailstorm Hazard Maps and  
 Information Identification 

Windstorm and hailstorm hazard maps are used in different ways, especially considering their time 
window applicability: long-term and short-term. The use of each temporal scale is different in nature 
and some examples are given in the following points. 

Long-term

These are national or regional hazard maps showing the overall probability of occurrence and return 
periods of such events, including severity considerations. They are mainly built on top of historical data 
analysis based on the hazard climatology. 

Table 4. Long-term uses for windstorm and hailstorm hazard mapping.

Use Type Level of Detail

Identification of high hazard intensity zones Hazard awareness National and regional 

Building/land-use exposure analysis Preparedness, asset management Local 

Estimate average annual loss Resilience investment needs National and regional 

Decision support material for strategic planning   
(e.g., infrastructure projects) Identification of no-building zones Local 

Guidance for implementing resilience measures  
(e.g. hail nets, silver iodide rockets) 

Resilience investment needs, asset 
management Regional and local 

Insurance underwriting support Exposure portfolio optimisation National 

Energy potential quantification Production site analysis Regional and local 

Research (e.g., climate change impact) Hazard evolution  National and regional 

Short-term

This product comprises hazard maps that communicate warnings of upcoming events to stakeholders 
and end-users. They result from monitoring and forecasting processes based on observational data 
integration and modelling practices.  

Table 5. Short-term uses for windstorm and hailstorm hazard mapping.

Use Type Level of Detail

Disseminate event warnings to  
stakeholders and the public

Preparedness, resilience 
measure setup National and regional 

Identification of potential event impact  
location and damage

Preparedness, resilience 
measure setup Local 

Emergency response planning  
(e.g., evacuation routes, temporary shelters)

Preparedness, resilience 
measure setup National and regional 

Event response Asset management, sup-
port dissemination Local 
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Hailstorm and windstorm hazard maps built to communicate warnings of upcoming events in a short-
term framework rely on NWP models outputs. However, given the characteristic rapid and localised 
development of the extreme convective events, short-term hazard maps are expected to be: 

•	 Based on the analysis of a set of predictors linked to hail and extreme wind at-
mospheric prone conditions.

•	 Somehow imprecise in location and time.

•	 Built on top of a probabilistic approach. 

The ability to produce hazard maps with a more certain location and timing implies working under a 
nowcasting timeframe (very short-term periods of up to two hours or less). Nowcasting methodologies 
encompass monitoring the state of the atmosphere in near-real-time thanks to relevant weather ob-
servational data and the use of NWP models that incorporate data assimilation methodologies (mainly 
radar and satellite data). 

For hazards derived from extreme convective events, the spatial resolution used in models has to be 
in the 3-km to 1-km range to allow for convection to be resolved. It is important to note that radar sys-
tems have a clear advantage over all other observing systems when it comes to phenomena associated 
with severe storms. The <1-km resolution and three-dimensional vision allow for observing a storm 
structure and the estimate severity and trajectory as well as identifying traces of the type of hydrome-
teor developed within the storm or the wind intensity.

Review of Relevant EU Directives  
and WMO Guidelines

An in-depth analysis of available WMO guidelines and EU directives showed that explicit documents for 
hazard mapping, such as the Integrated Flood Management Tools Series from the WMO (Issues 19 
and 20), are not available for windstorms and hailstorms. There are, nonetheless, various WMO pub-
lications that have been identified from which valuable information on climatological practices (e.g., 
WMO-No. 100) and on methodological approaches for modelling, mapping and assessment of both 
hazards can be derived. The documents summarised below present forecasting, nowcasting and data 
management directives and practices that make up the foundations for further hazard modelling and 
mapping methodologies based on observed and reported extreme events.

3.1  Guidelines for Nowcasting Techniques (WMO-No. 1198)  

The WMO-No. 1198 report outlines how nowcasting, which is one of the most important components of a 
seamless forecasting system, has remarkably improved in recent decades. Disasters at small temporal and 
spatial scales, such as hail or micro-bursts, can now be detected and managed. Nowcasting plays an increasing 
important role in risk management and disaster prevention, but its implementation is a complex undertaking.  

Nowcasting relies heavily on rapidly updated and high-resolution observations available to the “nowcast-
er.” The workstation of a nowcaster consists of a multi-screen display system that contains observations 
from the various instruments and sensors. For ease of comparability, the monitoring of the various data-
sets should be visible on the same grid spacing. Types of observations include radar, satellite, lightning 
networks, surface stations, wind profilers and radiosondes. A more detailed look into these observations 
sources is presented below. The WMO report further stresses that “during periods of high-impact weath-
er, the nowcaster should continually monitor the latest observations via the frequently updated integrat-
ed displays.” This also includes high-resolution observations, Numerical Weather Prediction (NWP) anal-
ysis and forecast fields and products from nowcasting systems.  

Warnings and watches are issued when a hazardous weather or hydrologic event has been detected, 
is imminent or has a high probability of occurring. They are issued for conditions posing a threat to 
life or property. A watch, a hierarchical level below a warning, is issued when the risk of a hazardous 
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weather or hydrologic event has increased significantly but its occurrence, location and/or timing is still 
uncertain. A watch notification is intended to give enough lead time to set pre-defined plans in motion 
for the responsible organisations in charge. The ability to issue warnings and watches is dependent on 
available observations and nowcasting techniques.  

Nowcasting is generally applied to weather that occurs on the mesoscale and local scales and over very 
short time periods; thus, the emphasis is on the need for rapidly updated high-resolution observations. 
Because of the small-scale nature of convective weather phenomena, such as hail or micro-bursts, it 
has not been possible to explicitly predict their location and time several hours in advance. Howev-
er, warnings for intense precipitation and high winds associated with strong and large synoptic-scale 
weather can be provided hours in advance.  

Nowcasting and very short-range forecasting (VSRF) (0–6-hour and 0–12-hour forecasting, respective-
ly) are highly dependent on observational data. The WMO document provides an assessment of the re-
quirements, advantages, disadvantages and limitations of surface observations, upper-air observations 
and also satellite, lightning, and radar data for the purpose of nowcasting and VSRF.  

The table below provides guidance on what information can be derived from individual observation systems 
in terms of warnings and the detection of specific weather phenomena, given that only limited observations 
are available in many locations in the world. Hence, the ability to nowcast specific events can vary notably. 

Table 6. Individual observation systems applicability on weather phenomena detection.

Dense surface stations 
network

Upper-air  
observatories Satellite Lightning 

detection Radar NWP   
regional

Storm location 2 5 1* 1 1 3

Hail size 2 3 3 5 1 4

Tornado 5 5 4 5 1 5

Microburst 2 5 4 5 1 4

Strong surface wind 2 3 4 5 1 3

1. Can often be used to issue warnings. 
2. On limited occasions can be used to issue a warning. 
3. Can often be used to issue a watch. 
4.  On limited occasions can be used to issue a watch. 
5.  Only useful when combined with other observations. 
6.  Limited usefulness even when combined with other observations. 

* While warnings can be made on a thunderstorm location, the location is not as specific as with radar or lightning.

Furthermore, the WMO-No. 1198 report confirms that due to the very short time periods associated 
with nowcasting and very short-range forecasting, the implementation of automated tools and systems 
is highly desirable. Examples of such automated systems are given in the WMO report within section 2 
and listed in the respective Table 2.3.  

While automation provides value in the early detection of potential disasters, the report stresses 
that accurate warnings of severe convective weather can only be achieved with the combination of 

automated tools and human interaction. For that reason, the nowcaster must undergo regular training 
to keep up to date with the latest developments and strengthen his or her skills.  Chapter 4 in the WMO 
report is dedicated to training personnel responsible for nowcasting and very short-range forecasting. 

The report further presents typical (0-6 hour) nowcasting products for the general public. Based on 
their characteristics, they can be divided into four categories:  

1. Severe weather warning,  

2. Nowcasting of meteorological elements,  

3. Nowcasting of meteorological indexes,  

4. Information on observations.  

Widespread modern technologies make it easier to disseminate more complex and visually enriched 
data to the public in the form of specific information, guidance and decision-support tools. Depending 
on the geographical location of the area of interest, the economic situation and the respective infra-
structure conditions, the issuance and reception of nowcasting information can vary significantly. The 
table below lists typical (0–6-hours) nowcasting products for general public purposes and the ways to 
deliver and access them and is directly taken from the report. 

Table 7. Nowcasting products for general public purposes from the WMO report (Table 5.3, p. 38). 

Forecast  
Category Parameters

Temporal resolution/
update/

update frequency
Spatial resolution Delivery/Access

Warning in  
signal flags

Typhoon/hurricane 
Torrential rainfall
Lightning
Hail
Gust wind
Tornado (in United States)
Fog
Road icing
Heatwave
Cold wave
Haze 
Dust storm

3 hours (generally)

Upgrade depends 
on the weather 
evolution

Impact area within 
city/town/country

Television/radio/
Internet
Mobile phones
Public transport
and public screens
Typhoon/wireless 
alarm buzzer

Meteorological 
elements

Precipitation
T2m
Rh2m
Wind 10 meters
Visibility
Cloud cover

60 minutes 1-3 km in city

5-10 in rural envi-
ronment

Television/radio/
Internet
Mobile phones
Public transport
and public screens

Meteorological 
indices

Air quality index
PM2.5/PM10
CO/NO2/SO2
UV-index
Pollen index

60 minutes 10 – 50 km Television/radio/
Internet
Mobile phones
Public transport
and public screens

Observations Satellite/radar echo/lighting imag-
es (for typhoon convections)

< 10 minutes Impact areas: 
5 km in city

Internet
Mobile phones

Precipitation/T2m/Rh2m/
Wind 10m

10 minutes 10 – 20 km in rural 
environment

Visibility/cloud cover 10 minutes 10-50 km

PM2.5/PM10 10 minutes 10-50 km
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The reduction of disasters and the optimisation of protective measures can only be successfully 
achieved if timely and appropriate warning and alerting can be provided. The WMO report refers to 
the special status early warnings have within the United Nations Office for Disaster Risk Reduction 
(UNDRR) and points out that “the definitions of thresholds and criteria for warnings, as well as the on-
going monitoring and early detection of hazards that might exceed a given threshold level (for example, 
precipitation, thunderstorms, hail or pollutant concentrations) that trigger a warning” are extremely 
relevant for decision making processes.  

The ability to detect these thresholds of mostly localised hazards relies heavily on the high-spatial 
resolution of the operating system which, in turn, should be, as mentioned above, a mix of state-of-
the-art data sources, e.g., “NWP model results, station data, radar data (also with a 1-kilometre spatial 
resolution), satellite data, radio soundings, etc.,” in order to be able to carry out physically consistent 
analyses of atmospheric fields. 

3.2 Manual on the Global Data-processing and Forecasting System:  
 Annex IV to the WMO Technical Regulations (WMO-No. 485)  

The Global Data Processing and Forecasting System (GDPFS) is made up of a worldwide network of op-
erational centres operated by WMO members. Its purpose is to make the agreed products and services 
for applications related to weather, climate, water, and environment available to WMO members 24 
hours a day all year long. The GDPFS enables scientific and technological advances made in meteorol-
ogy and related fields to be shared as efficiently and effectively as possible among and for the benefit 
of all WMO members.  

The GDPFS is being expanded beyond the World Weather Watch (WWW) to encompass all systems op-
erated by WMO members (including those jointly coordinated with other international organisations 
such as the ICAO). It enables all WMO members to make use of the advances in NWP by providing a 
framework for sharing data related to operational meteorology, hydrology, oceanography, and clima-
tology   

Operational NWP systems provide an accurate indication of developing weather events from hours to 
days ahead. They are, therefore, one of the most relevant components of routine and severe weather 
forecasting and warnings at the National Meteorological and Hydrological Services (NMHSs). However, 
the capability among NMHSs in weather forecasting varies enormously. The more advanced NMHSs 
are making use of the progress in NWP but those in the developing and lesser developed countries 
have seen little advancement due to limited budgets and reduced capabilities.   

Based on the WMO-No. 485 report, the key objective of the GDPFS should be “to facilitate coopera-
tion and the exchange of information, thereby also contributing to capacity development among de-
veloping countries.” Furthermore, products and services for applications related to weather, such as 
hailstorms and windstorms, should include “numerical weather, oceanographic and climate prediction 
products (analysis and forecast, including probabilistic information).”  

The Global Data Processing and Forecasting System should be organised as a three-level system of 
World Meteorological Centres (WMCs), Regional Specialised Meteorological Centres (RSMCs) and Na-
tional Meteorological Centres (NMCs) which carry out GDPFS functions at the global, regional and 
national levels, respectively. These centres are referred to as GDPFS centres.  

The WMO-No.485 report addresses the functions of the NMC explicitly by stating the obligation to 
meet the national and international requirements of the member concerned, whereby it clearly points 
out that in order to fulfil these obligations, “NMCs need to be adequately staffed and equipped to 
enable them to participate effectively.”  The functions of an NMC are summarised in sections above 
stating they “should include the preparation of forecasts and warnings at all forecasting ranges nec-
essary to meet the requirements of the member.” These forecasting ranges are listed in Annex 1. The 
table below lists any ranges up to 72 hours ahead as the most relevant timescales for hailstorm and 
windstorm forecasts. 

Table 8. Relevant timescales for hailstorm and windstorm forecasts.

1 Nowcasting A description of current weather parameters and of forecasted weather  
parameters 0 to 2 hours ahead 

2 Very short-range weather  
forecasting 

A description of weather parameters up to 12 hours ahead 

3 Short-range weather  
forecasting 

A description of weather parameters from 12 to 72 hours ahead 

Owing to the high computational cost of global and limited-area NWP, including the Ensemble Predic-
tion Systems (EPS) technique using multiple model runs, few GDPFS centres have operationally imple-
mented such systems. Many of the latest advances in NWP systems, such as so-called “convection-per-
mitting” models, are particularly suitable for severe weather forecasting in tropical and sub-tropical 
regions; however, as they are extremely computationally intensive, they are supported only by the 
leading GDPFS centres. Moreover, the effective use of NWP and EPS also requires the application 
of complex model-output post-processing systems to generate forecast products to support severe 
weather forecasting. While there are several GDPFS centres that can provide these sophisticated prod-
ucts (maps of potential vorticity, convection indices, etc.) to forecasters, the report does not list them 
explicitly, hence it is not clear whether those can be obtained for Georgia.  

The WMO-No. 485 report also has a section on “Graphical representation of observations, analyses and 
forecasts”. While directed to World Meteorological Centres and RSMCs that have a mandate of chart-
based analysis in order to “maintain standardised weather forecasting processes, including graphical 
representation of observations, analyses and forecasts,” they should also be applied at NMCs. The set 
of symbols and styles to be used as a standard of graphical representation is given in the various vol-
umes of the Manual on Codes (WMO-No 306).

On the specific topic of nowcasting, the WMO-No. 485 report outlines that centres, and here the refer-
ence is again mainly toward RSMCs, conducting such services should, amongst other points, “operate 
a system, including a web-based or generic graphical service, describing in real time or near-real-time 
the current state of the weather in detail and the prediction of its changes for several hours ahead over 
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their area of interest or parts of that area.”  

A specific sub-section on regional severe weather forecasting makes notes that NMCs can be included 
in such activities and, therefore, comply with the following:  

1. Provide criteria for severe weather warnings to the relevant RSMCs participating in this 
activity.  

2. Evaluate products, including the daily severe weather forecasting guidance, and provide 
feedback to the RSMCs.  

3. Ensure that appropriate warnings of severe weather are issued. 

3.3  Additional WMO Guidelines and Reports 

Additional WMO guidelines and reports have been studied, although they are not directly related to 
windstorm and hailstorm hazard mapping processes, but meteorological forecasts in general. Part of 
their content is relevant for the overall project and thus they are listed below as references.  

•	 WMO-No.1150: WMO Guidelines on Multi-hazard Impact-based Forecast and Warning 
Services.

•	 Cascading Process to Improve Forecasting and Warning Services, Bulletin Vol 62 (2) (2013).  

•	 WMO-No.49: Technical Regulations; Basic Documents No. 2; Volume I – General Meteoro-
logical Standards and Recommended Practice.  

•	 WMO-No.1129: The WMO Strategy for Service Delivery and Its Implementation Plan. 

•	 WMO-No.100: Guide to Climatological Practices, WMO, 2018.

Data Requirements and Availability 
for Windstorm and Hailstorm Hazard 
Modelling and Mapping

Several types of data can be used in different ways for hailstorm and windstorm hazards mapping and 
modelling approaches. Each data source has its own strengths and weaknesses but from a general per-
spective, data usability and reliability rely on:   

•	 Physical parameters included. 

•	 Data quality controlled.

•	 Accessible and trackable.

•	 Sufficient length of the track-record and the absence of temporal gaps.

•	  Complete spatial coverage of the region evaluated.

•	  Spatial and temporal resolution.

The representativeness of a hazard mapping approach may vary significantly given (i) the type of the 
datasets available, (ii) their completeness and temporal length and (iii) the level of complexity of the 
concrete methodologies applied. 

4.1 Dataset types and sources

Surface observational networks

Surface weather stations, especially those which are automatic (AWS, automatic weather stations) and 
provide information in near-real-time are key in monitoring the lower level of the atmosphere. The basic 
parameters provided are temperature, wind speed and direction, precipitation, humidity, atmospheric 
pressure and so on. In addition to these, the monitoring of storms can be enhanced by lightning sen-
sors, hail pads and cameras. The number and the spatial configuration of AWS networks is important to 
achieve a good cover of the region under surveillance.  Equally important are the communication system 
employed and the availability of a reliable storage system with a harmonised database management sys-
tem. The latter is key in developing hazard maps to provide data accessibility and traceability. Concretely 
for hailstorms and windstorms, the parameters needed for a correct and comprehensive hazard mapping 
are those previously listed in the basic parameters provided by the conventional AWS. In the case of hail, 
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the additional installation of a hail pad network, or in its absence, the implementation of a network of 
accredited weather spotters is of great importance. This allows building a hailstorm database based on 
official reports with specific parameters describing the size, intensity and number of hailstones per area.  

Soundings and vertical profilers

Atmosphere vertical profilers like soundings and weather lidars or sodars systems provide valuable infor-
mation about the vertical structure of the lower part of the atmosphere (commonly named the surface 
boundary layer). Their use in hailstorm and windstorm hazard mapping is limited because of the econom-
ic cost of deploying a network with a significant number of these systems and the calibration and mainte-
nance needed. Instead, these systems are worth using in support to weather radar stations for calibration 
and validation purposes or when installed near weather sensitive infrastructure like airports.  

Radar networks

A weather radar network is the ideal technical setup for severe weather detection and nowcasting 
and for assessment, modelling and mapping purposes. The resolution, coverage and 3D scans of 
storms structure that a radar network can offer far exceed the rest of the observational systems. In-
deed, radar reflectance can reveal some features of hail formation within convective storms or be 
used to derive wind speed from Doppler velocity data.

Satellite retrievals

Satellite data are of great value in many ways. For example, geo-stationary satellites like GOES-16 from 
NASA or MSG from ESA and Eumetsat monitor large portions of the Earth and its atmosphere with high 
temporal frequencies. On-board sensors like SEVIRI in MSG are capable to distinguish structures as small 
as 1 km. On top of that, methodologies like overshooting cloud tops detection (Punge et al., 2017) can be 
used to detect signatures of hazardous convective updrafts. The applicability of such methods based on 
satellite retrievals is global and can be seen in monitoring, nowcasting and hazard mapping endeavours.

Atmospheric models

NWP models and reanalysis datasets are helpful in hailstorm and windstorm hazards mapping because 
they enable the characterisation of the physical mechanisms behind. An in-depth assessment of the 
synoptic, mesoscale and microscale patterns and the underlying physical processes will foster the pro-
duction of well-founded hazard maps and improve modelling and forecasting practices. A desirable 
NWP system should be able to run operational forecasts at least two times per day and also be used to 
enhance the historical events track-record for hazard assessment and mapping.

4.2  Weather observational data availability in Georgia

NEA staff provided some spreadsheets comprising historical observational data and media reports for 
hail events and severe winds. These include several temporal gaps and changes on the data acquisition 
practices over time as well as on the station network configuration (see Figure 12), important regional 
biases across the country although, in the case of hail events, the hailstone size (diameter) and density 

(amount per area) are rarely provided. Table 10 summarises the current configuration of the surface 
weather stations network. Figure 14 shows the geographical location of the meteorological surface ob-
servation stations in Georgia distinguished by type and whether or not they were currently operational 
at the time of this report. The map clearly confirms that the sparsity of the network results in a general 
lack of data and significant gaps in the Meskheti-Javakheti or Kakheti areas. 

            
Figure 3. Numbers of operational meteorological posts and stations in Georgia for the period 1900-2020; Source: NEA

Apart from the surface weather stations network, the Hydro-meteorological Department of the NEA in 
Georgia is using three weather radars with their data and software from different owners and manufactur-
ers. One of them was installed close to the second biggest city in the western part of Georgia, Kutaisi. This 
is under NEA ownership (Vaisala/WRM-200 C-band) and currently running from October of 2020. Another 
C-band radar (Selex ES/Meteor 735C) is managed by the Ministry of Defence and  has been operational since 
2015. This second is situated in the Kakheti region on a hill close to the village of Nukriani. The last one was 
installed on the Mount Makhata (Tbilisi) in 2017 (X-band EEC/ Defender X200) and is under the Air-naviga-
tion Department of Georgia. In addition to these three, the NEA plans to add another C-band weather radar 
(Vaisala/WMR-200) close to Tbilisi during this year and achieve the radar cover shown in Figure 4.

Figure 4. Geographical location of the near-future weather radars of Georgia and their expected coverage range; Source: NEA
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The planned expansion of the radar network and the AWS network in Georgia is promising. If this is ac-
companied by good data management and a robust data storage and data management system, Georgia 
will soon be in an optimal position to apply hazard mapping methodologies directly from observational 
data. In the case of extreme convective events, thunderstorm tracking and hail detection, the radar net-
work will play a major role, especially in the development of nowcasting methodologies and EWS.

Table 9. Description and analysis of the meteorological surface observational network stations 

Source: NEA

Type Parameters Observations per day Operational Level

MS – Meteoro-
logical Station

Air and soil temperature, precipi-
tation (rain, snow), cloud cover 
(amount, form, height), humidity 
(relative, water vapour pressure, 
saturation deficit, dew point 
temperature), wind (speed, 
direction), air pressure (station, 
sea level, tendency). 

Until 1935:  3 observations 
per day (17UTC-03UTC-
09UTC); 
1936-1965: 4 observations per 
day (21UTC-03UTC-09UTC-
15UTC);  
Since 1966: 8 observations per 
day (18UTC-21UTC-00UTC-
03UTC-06UTC-09UTC-12UTC-
15UTC) 

Yes: 5 
No: 84 

Poor; Insufficient 
number of stations 
operational 

MP – Meteoro-
logical Post

Maximum and minimum air 
temperature, precipitation (rain, 
snow). 

2 observations per day  
(03UTC-15UTC) 

Yes: 23 
No: 40

Poor; Insufficient 
number of stations 
operational 

RAIN – Rain 
Gauge Post

Precipitation (rain, snow). 2 observations per day  
(03UTC-15UTC) 

Yes: 8 
No: 89 

Poor; Insufficient 
number of stations 
operational 

AWS – Auto-
matic Weather 

Station

Air and soil temperature, pre-
cipitation (rain, snow), humidity 
(relative, dew point tempera-
ture), wind (speed, direction), 
air pressure (station, sea level, 
tendency). 

24 observations per day  
(each 1 hour) 

Yes: 29 
No: 0 
 

Medium; Frequen-
cy of observa-
tions is good; 
Insufficient cov-
erage across the 
country 

AWS – Au-
tomatic Sea 

Weather 
Station

Air and water temperature, 
precipitation (rain), humidity 
(relative, dew point tempera-
ture), wind (speed, direction), 
air pressure (station, sea level), 
visibility, tide height, salinity. 

24 observations per day  
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Figure 5. Geographical location of the meteorological surface observation stations in Georgia distinguished by type and whether they are 
currently operational or not; Source: NEA 

Figure 6. Geographical location of the meteorological surface observation stations in 2020 in Georgia distinguished by type; Source: NEA 
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Methodologies and procedures  
for a Windstorm and Hailstorm  
Modelling, Mapping

5.1  General

Any hazard mapping methodology applied to hailstorms, windstorms or any other weather-related 
hazard begins with the construction of a homogeneous dataset where all the events reported are 
introduced following a unified criterion. This dataset should include all the relevant information from 
the events that may be needed later in the assessment, modelling and mapping processes along with a 
consistent measurement methodology. The dataset should include at least the following fields:

xi  Date
xii. Time 
xiii. Location 
xiv. Measured/estimated intensity (max hail diameter/

max wind gust speed) 
xv. Amount (amount of hail per area/sustained wind 

speed)
xvi. Duration

xvii. Damages
xviii. Event characterisation considering synoptic, meso-

scale and local characteristics
xix. Event classification into a pre-defined severity scale 
xx. Confidence level on the reported information (e.g., 

high, medium or low)

From here onwards, this generic homogeneous dataset is called the Severe Weather Events Dataset 
(SWED). Typical sources of data used to compile it are:  

•	 Meteorological spotter reports 
•	 Surface weather station data
•	 Remote sensing data (radar, satellite, etc.)
•	 Soundings and vertical profiler data
•	 Hail pad data  

•	 General public reports (e.g., social networks) 
•	 Media (e.g., newspapers)
•	 Emergency services reports
•	 Damage reports (e.g., crops damage, property 

damage, etc.)
•	 Insurers (claims data)

Unfortunately, all these sources of information have several drawbacks and shortcomings stemming 
from non-meteorological factors like: 

•	 Regional biases given differences in population density across the country. 

•	 Non-severe events are typically under-reported.

•	 Intensity of the phenomena is not reported (not measured) or is estimated inconsistently. 

All of these aspects are found globally and affect the usefulness of these data, hindering a robust eval-
uation of the spatial-temporal characteristics of phenomena; in this case, related to severe convective 
storms (e.g., hailstorms and windstorms). In addition to these drawbacks, and like the particular case of 
the available datasets at the NEA, data might have temporal gaps, inconsistency due to data acquisition 
practices or station network configuration changing over time and have vastly missing information like 
hailstone size (diameter) and density (amount per area). Like the example shown in Figure 3 on reported 
hailstorm events, these datasets are insufficient to build a complete catalogue of events which hinders 
the application of simple approaches to hazard mapping like linear multiple regression analysis (consid-
ering geographical parameters like elevation, slope, or distance from the sea to extrapolate existing data 
to regions without measurements). 

Figure 7. Geographical distribution and number of hail events recorded for the period 1990-2020. This dataset does not include hail size 
measurements.

Source: NEA hailstorm dataset 

To overcome the catalogue deficiencies, at least two different methodologies for hailstorm and wind-
storm hazard mapping can be considered in Georgia:  

Approach 1: Reanalysis Data + Machine Learning Classifiers + Physical Modelling + Statistical 
Analysis + Mapping 

Approach 2: Reanalysis Data + Modelling (30 years) + Statistical Analysis + Mapping  

05
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The main purpose of both suggested strategies is to overcome deficiencies in the events datasets by re-
building these thanks to reanalysis data, NWP modelling and a model for hail size diagnosis. The use of 
Machine Learning Classifiers (MLC) suggested in Approach 1 is meant to reduce time and the number of 
costly NWP model simulations of the 30-year reanalysis downscaling considered in Approach 2. Thanks to 
the modelling approach, both strategies, defined here for hailstorm and windstorm hazard mapping, are 
adaptable and transferable to other weather-related hazard mapping activities, such as flash-flooding, 
and to forecasting or warning operations. The main advantages of these approaches are: 

•	 Overcoming SWED deficiencies like under-reported non-severe events or regional biases. 

•	 Achieving a spatially continuous hazard mapping. 

•	 Increasing the coarse spatial resolution of the reanalysis datasets to better resolve to-
pography and allow solving numerically the convective processes. 

•	 Can be adapted and applied to other weather-related hazards. 

APPROACH 1

 The diagram bellow summarises Approach 1:

 

Figure 8. Approach 1 diagram

Step 1: 

Machine Learning Classifiers construction

This step processes and cleans up existing datasets on hail and strong wind events from the NEA 
and leverages reanalysis data to train a machine learning classifier to detect severe convective con-
ditions in the reanalysis that are correlated to the development of thunderstorms and the potential 
triggering of hailstorms and windstorms. Some of the MLC that can be considered are logistic regres-
sion, random forest model, gradient-boosted decision trees or deep neural networks (Ukkonen and 
Mäkelä, 2019). The selection of the concrete MLC is done using proper rebalancing of rare events in 

the dataset and cross-validation techniques, and largely depends on the number of events included 
in the initial SWED built from the NEA datasets.

 I. Build an initial hailstorm and windstorm SWED (even if incomplete), processing and cleaning 
up the NEA’s existing data on hail and strong wind events. 

 II. Construct a training dataset by selecting those days identified in the initial SWED from a weath-
er reanalysis dataset like ERA5 and adding days when no events happened, i.e., include com-
plementary non-thunderstorm data from the reanalysis dataset using proper statistical analy-
sis criteria. 

 III. Train an MLC model to detect conditions favouring the development of thunderstorms (typi-
cally convective conditions). The standard methodology for machine learning models includes 
steps like: 

a. Feature engineering and statistical experiment design in order to combine the input data 
into forms that are easier to use for the statistical model. 

b. ML model selection and tuning (from suitable performance metrics) and validation (with 
proper dataset splitting and testing protocols). 

Step 2: 

Convective Days Dataset (CDD) construction

This step builds a Convective Days Dataset (CDD) that includes those days with the potential to produce 
thunderstorms as selected by the MLC from the reanalysis dataset.

 I. Apply the MLC model to the full reanalysis time series dataset. In the model tuning stage of 
the previous step, a threshold must have been selected that allows the MLC to tag days in the 
reanalysis as likely to include an event or not.

 II. Process MLC outputs and build the CDD out of only those days that are most likely to have an 
event. 

Step 3: 

New SWED construction

To overcome the shortcomings stemming from the coarse spatial resolutions of the reanalysis datasets 
(misrepresentation of orographic forcing, inability to produce localised thunderstorms, no diagnosed 
hail provided, etc.), this step follows a downscaling approach for the days in the CDD using a limited 
area NWP model like the Weather Research and Forecasting model (WRF, Skamarock et al., 2019). A 
high-resolution setup (3-km spatial resolution or higher) of this model allows simulating convective 
events while better representing topography and its effects on sensible meteorological parameters. 
Regarding hailstorms, the HAILCAST model is used to diagnose hail size. The results are validated using 
the events included in the initial SWED and additional observational data like radar retrievals and sur-
face weather stations time series.

STEP 1
MLC construction

Initial
SWED

ETL

STEP 2
Convective Days

dataset construction

STEP 3
SWED construction

STEP 4
Map

construction

Train CDD
detecrot

ERA5
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 I. Reanalysis physical downscaling: 

a. WRF model setup and validation. 

b. Simulation workflow setup. 

c. Downscale only the CDD reanalysis data by means of NWP model simulations.

 II. Validation against the initial SWED and observational data. 

Step 4: 

Map construction

This step, which uses the output from the NWP model p, performs a statistical analysis and hazard 
mapping 

 I. Statistical analyses.

 II. Hazard mapping.

APPROACH 2

From preparing the data used by the MLC (data cleaning and feature engineering processes) to select-
ing, testing, and validating the MLC, steps 1 and 2 are technically complex. Both can be circumvented if 
the downscaling in step 3 is run for the whole historical period under evaluation (at least 30 years) as 
follows in Approach 2:

Step 1: 

New SWED construction

 I. Reanalysis physical downscaling: 

a. WRF model setup and validation. 

b. Simulation workflow setup. 

c. Downscale 30-year reanalysis data by means of NWP model simulations.

 II. Validation. 

Step 2: 

Map construction

 I. Statistical analyses.

 II. Hazard mapping.

The main advantage of this second approach is that it produces a high-resolution version of the reanal-
ysis for Georgia. This can be used in many other projects apart from windstorm and hailstorm hazard 
mapping like flash-flooding and drought hazard mapping, climatic trends evaluation, wind resource 
estimation, etc. Additionally, this approach has the advantage of not missing relevant events that the 
MLC might overlook. The main drawback, however, is the large computational cost and time associated 
with running 30 years of high-resolution WRF simulations. The approximated computational cost and 
the total storage needed for 30 years of WRF simulations covering all Georgia at a 3-km spatial reso-
lution are about a half-million core hours and 100-TB of disk space (numbers derived from the New 
European Wind Atlas computation report; Dörenkämper et al., 2020).  

The table below summarises the pros and the cons of both approaches as compared to a simple ap-
proach for hazard mapping considering a linear multiple regression of the data available in the SWED:

Table 10. Pros and cons of both approaches using the baseline case as reference.

Baseline* Approach 1 Approach 2

Technical complexity Medium High Medium

Computational resources 
demand Low High Very high (at least 1 order of mag-

nitude higher than App. 1)

Data storage demand Low High Very high

Useful for mapping other 
hazards No Yes Yes

Applicable to early warning No Yes No

Expected confidence Low High High

* The baseline approach considers a linear multiple regression analysis of the SWED data considering geographical variables (elevation, 
slope, distance from the sea, etc.) to extrapolate existing data to regions without measurements and circumvent SWED deficiencies (e.g., 
Baldi et al., 2014). 

Considering the advantages and disadvantages of the two strategies, the decision taken in consultation 
with the NEA is to proceed with Approach 1.   The remainder of the document details the methodology 
and the guidance for Approach 1.
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5.2  Windstorm and Hailstorm Modelling Approaches Applicable to Georgia 

The main goal of step 1 is to train a Machine Learning Classifier (MLC) that will be applied to a reanal-
ysis time series in order to predict thunderstorm occurrence providing dichotomous outputs: high risk 
or low risk (this threshold for risk will need to be determined through the model output metrics). The 
overarching goal of this model is to reduce the number of downscaling and simulations on the reanal-
ysis time series, optimising time/resource efficiency with minimal loss of accuracy. Therefore, one of 
the parameters that needs to be set during this step is the detection threshold which will directly de-
termine the number of days in the convective days dataset (CDD) selected from the reanalysis as most 
likely to have environmental conditions favouring the development of thunderstorms.

The processes to develop the MLC model are introduced below:

Figure 10. Machine learning classifier steps. 

Source : https://www.datasciencecentral.com/

MLC models are statistical methods that learn how to categorise data into classes. The process of learning is 
supervised and needs good quality training data for the model to infer how the given input data are related 
to a given class. In this application, we are only interested in classifying each day of the original data set into 
two classes: “High Thunderstorm Risk” or “Low Thunderstorm Risk” and, in both cases, adjusted either for 
hailstorms or windstorms. Most models will return a probability of thunderstorm occurrence between 0 and 
1 and the typical way of transforming it into a binary output is to assign a positive or a negative classification 
if the probability is above or below a certain threshold – which must also be calibrated taking into account 
the training and validation data, and the contextual requirements of the problem – e.g., which one is more 
important to avoid, false negatives or false positives, or to cap the number of selected days.  

The dataset used to create the model must be divided into at least two parts, ideally three or more: 
one for training the model, another for evaluating and validating the models and selecting the best 
one and the last one to estimate the actual performance of the best model in production. When the 
datasets are not large and such a division is not practical, other strategies for validation can be used 
such as leaving one day out of the dataset and using it for validation and then averaging the metrics by 
randomly picking days to exclude.

In order for the MLC model to learn what differentiates a day with or without a storm event, the train-
ing dataset must include enough samples of both cases. Ideally, the balance between the number of 

items of both classes in the dataset is roughly balanced (although some algorithms do not require this 
strictly as they rebalance the data implicitly). 

The main source of data to construct all datasets is the initial SWED. The number of items that the 
dataset should contain depends on the complexity of the problem and also on the number of variables 
or features that can affect the outcome of the model. Sometimes there are not enough data to build 
the dataset for some models or the data available are unreliable or noisy or there exists a significant 
imbalance between classes (a low ratio of thunderstorm events to non-events). Possible solutions to 
these issues are: 

•	 Augmenting the dataset with valid similar data. For example, a larger training and validation 
dataset can be built using data from data-rich regions with climate and weather characteristics 
similar to Georgia. 

•	 Complementing the SWED with data from other sources like lightning and convective cloud 
tops detected from satellite retrievals. 

•	 Correcting the imbalance between the number of events to non-events by applying under or 
over sampling methods (see below for more details).   

All the events reported in the SWED are associated with a list of parameters included in the reanalysis 
dataset time series used to characterise the convective environments. The ECMWF Reanalysis 5th Gen-
eration (ERA5, Hersbach et al., 2020) is suggested for that purpose because it represents the highest 
resolution available reanalysis (0.25-deg spatial resolution) covering the region of Georgia (global cov-
erage) and is consistent over the long period covered (1950-present). The datasets can be acquired via 
the Copernicus Climate Data Store (https://cds.climate.copernicus.eu/; see section 4.1 for more details). 

The data treatment and modelling procedure is outlined below:

5.2.1 Machine Learning Approach Outline

1. Data preparation

a. Construction of labelled tabular data, one row per day, such that each day is classified as a 
thunderstorm or not (1 or 0, known as the target variable). The columns in the table contain 
the regressors or features which are the explanatory meteorological variables from the SWED 
or the ERA5.

2.  Modelling - Feature engineering, model selection and model validation

a. Beginning with a logistic regression model, train an MLC using scikit-learn Python library on 70% 
of the dataset.

b. Address class imbalance using simple over-sampling or SMOTE while quantifying which ap-
proach is most effective.

c. Calculate metrics (AUC and F1 score primarily) mentioned above on the 25% test set.

d. Reiterate for different feature combinations and model types and compare results.

e. Select final model and parameters which offers the best trade-off between complexity, inter-
pretability, and performance. Evaluate the model on the remaining 5% of data.

ITERATIVE MACHINE LEARNING PROCESS

Prepare
Data

Extract
Features

Train 
Model

Evaluate
Model

https://www.datasciencecentral.com/%22%20/
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5.2.2 Data preparation: Data labelling, class imbalance and predictable variables definition

To implement a classification model for predicting the occurrence of thunderstorms, class labels need 
to be generated by linking events included in the SWED (positive and negative) with ERA5 fields using 
some spatial-temporal criteria. The criteria could consider, for example, ERA5 field values at the grid-
cell (or column) closer to the location of the event detected in a two-hour time window.    

Data Preparation: Specific Steps

I.  Dataset selection and individual cleaning
a. hail_data_1993_2020.csv contains 27 years of recorded hail events in Georgia with in-

formation regarding event time (day, month, year, start time, end time) and the weather 
station ID at which the event took place. The time specific data are poorly specified and 
will not be used. NA values will be treated accordingly, and timestamps standardised.

b. Annex2_Metadata-Meteorology.csv contains information regarding the metadata of the 
weather stations, including name, station ID and longitude/latitude. Longitudes and lati-
tudes will be converted into a decimal format. Duplicates should be removed.

c. ERA5 data contain a sub-set of parameters relevant to the production of convective 
events. It is a 30-year time series across latitudes and longitudes in Georgia.

II. Data linkage
a. The above datasets can be joined on the weather station IDs present in both datasets to 

obtain the longitude/latitude of each hail event.

b. Secondly, by calculating the closest ERA5 coordinate to each hail event, the ERA5 data 
and the hail events can be merged using date and location as the joining keys.

c. The resultant dataset contains predictive parameters related to convective events and if, 
there was a hail event on that day, the information associated to that hail event.

III. Convective event labelling
a. By observing where data was matched in the process above, each row of the dataset can 

be labelled as a convective or not. At this point, the dataset has the structure and infor-
mation necessary to perform predictive modelling.

As previously mentioned, data with a large bias in the number of positive and negative classes make it 
difficult for an MLC to sufficiently learn about the under-represented class. Consequently, the model 
will perform poorly in real scenarios when it must identify the rare cases. To address this, the minority 
class can be either under-sampled, discarding non-event data points and thus potentially loosing infor-
mation, or over-sampled, effectively duplicating existing data points to allow the model to learn from 
a more evenly balanced dataset. 

The Synthetic Minority Oversampling Technique (SMOTE) corrects class imbalance by synthesising new 
data points in the minority class. This is done by taking a real point in the feature space and generating 

a similar point in a synthetic manner. In order to produce the new point, a number of steps must be 
followed: 

1. Find the nearby points to the selected point using the k-nearest neighbour algorithm 

2. A random point from this group of neighbours is chosen

3. A line is drawn between the initial point and the new point and 

4. A random point on this line becomes the new synthetic data example for the minority class. 

This method is effective as it creates realistic and novel data for the minority class. In comparison with 
simply duplicating points of this class, which leads to a more balanced dataset, there is no new infor-
mation gain. Other techniques, such as penalised models, can be used but those mentioned above 
tend to be the most common and effective when it comes to addressing imbalanced datasets.

5.2.3 Feature Engineering: Predictor’s Definition

Feature selection and engineering is a crucial part of the modelling process that can have a significant 
impact on the performance of the model. Care must be taken to include only variables that are likely 
to be explanatory and to be mindful of possible multi-collinearities (correlation relationships between 
variables). Often, feature selection optimisation can be performed systematically by including and ex-
cluding variables in the model. Physically meaningful parameters related to convective environments, 
like the environment convective available potential energy (CAPE), exist in the ERA5 dataset. Other 
convection predictor candidates available are:

•	 Single level parameters

	 Convective available potential energy J kg-1

	 Convective inhibition J kg-1

	 Convective precipitation m

	 K index K

	 Total totals index K

	 Zero-degree level m

•	 3D parameters

	Geopotential m2 s -2

	 Temperature K

	 Relative humidity %

	 Specific humidity kg kg-1

	 Vorticity s-1

	 Potential vorticity K m2 kg-1 s-1

	Divergence s-1

	Wind velocity m s-1

	 Vertical velocity Pa s-1
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•	 Other parameters that can be diagnosed:
	 Temperature lapse rate  K m-1

	 Equilibrium level  m
	 Vertical bulk wind shear  m s-1

	 Storm relative helicity  m2 s -2

The evaluation of suitable predictors and the selection of a small number of ERA5 fields yielding high 
predictive power is key to reduce the dimensionality of the problem. An optimal choice can be achieved 
by studying redundancy among the parameters by detecting the pairs showing a stronger correlation 
and, thereby, reducing the number of predictors as much as possible.

In the initial modelling process, only conditions of the day at the maximum, minimum and mean daily 
values are considered and will all be used as predictors to be able capture as much information about 
the conditions as possible while still being parsimonious. More complicated features can also be cre-
ated to enhance the model performance if the initial set is insufficient. Feature engineering is a some-
what artistic and always iterative process. 

5.2.4 MLC model selection

The selection of the MLC model depends on the accuracy required and the simplicity of the model. 
More basic classifiers, such as the logistic regression, can be implemented in the first instance due to 
its simplicity, interpretability, and lower computational demand. More complex models, such as the 
Random Forests (RFs) and the XGBoost (Gradient Boosted Trees), can be employed in case simpler 
approaches do not work. The Area Under the Curve (AUC) metric, as well as the metrics mentioned be-
low, will be used to evaluate the quality of the classifiers. Care must be taken with the choice of these 
metrics to ensure that the classifier predicts both the negative and positive classes well.

5.2.5 Model validation

In order to perform validation, the dataset must be partitioned into two or perhaps three parts. The first and 
the largest, e.g., around 60% to 70% of the data, is called the training dataset and is used directly to compute 
the optimal values for the degrees of freedom in the MLC (for example, for a linear regression model these 
would be the coefficients of the linear equation). The second sub-set, usually around 10% to 30% of the total 
dataset, is called the validation set which is used to evaluate the models fitted with the training dataset. This 
evaluation, computed with previously chosen metrics, allows us to compare different models and assess 
their performance in unseen data. Thus, the validation dataset is the one chosen to select the best model 
and also the best configuration of the “hyper-parameters” of the model – external parameters that are 
not optimised through the fitting algorithm but that affect the performance; for example, the classification 
threshold discussed above. Finally, the last and usually the smallest sub-set is the so-called test dataset or, 
sometimes, the gold dataset. This dataset is kept from the training and validation steps and used to gauge 
how the best model selected will actually perform against new data. In order to prevent manual data leak-
age, this gold test is performed only once and cannot be used to improve or modify the model.

Around 70% of the data will be used to train the classifier and the remaining 30% will be used to vali-
date the model. By holding out an unseen test set which has been labelled, one can evaluate how the 
model will perform on new data.

A suite of metrics, including the F1 (or generalised F-Beta) Score, the AUC (Area Under the Curve), sen-
sitivity and specificity, will be used to assess the classification model performance:

•	 F1 Score: The F1 Score is the harmonic mean of the precision and the recall where the preci-
sion and recall are considered equally. Precision refers to the number of true positives (cor-
rect positive predictions) as a proportion of the total number of predicted positives whereas 
recall measures the number of true positives relative to the number of actual positives in the 
original data. The F2 score, for example, will weigh the recall performance twice as much as 
the precision. The ability to fine-tune the metric according to the problem context is the main 
strength of the F-scores. The generalised F-score formula is denoted below:

(β2    precision) + recall
precision  recall

Fβ = (1+β2) 

•	 AUC: The Area Under the Curve (AUC) refers to the area under the Receiver Operator Curve 
(ROC) which shows the performance of a classifier as the threshold (probability threshold for 
class separation) varies. The area under the totality of this curve gives an indication of the 
overall strength of the classifier. A perfect classifier would result in an AUC score of 1.

A combination of the above metrics will be engaged in order to obtain feedback throughout the model 
selection and evaluation process.

5.2.6 Detailed Guidance on Convective Days Dataset Construction

Once the machine learning classifier has been trained and evaluated, it will also be used on the histor-
ical ERA5 data to build the collection of dates that must be simulated using WRF and HAILCAST.

The process is outlined in more detail below:

CDD construction outline

1. Data preparation

a. ERA5 data must be pre-processed to match the model input data format and this will involve 
adding weather station metadata and the calculation of features that were selected to be 
used in the final model.

b. Note that ERA5 data must be extracted at exactly the same latitudes and longitudes as were 
used to train the initial model.

2.  Model execution and CDD

a. Using the above dataset, the model can be executed and will return a probability between 0 
and 1 for each location and date combination.

b. Based on a pre-determined optimised probability threshold (this threshold is determined 
by a balance between computational time and missing potential days), each date/location 
combination will be labelled as a convective risk or not. 

c. The resultant dataset will be filtered to select only those locations/dates which have been 
labelled as a convective risk and this list of locations/dates will be the backbone of the CDD.

d. Other metadata will be joined to the location column for completeness.
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5.2.7 Detailed Guidance on New Severe Weather Events Dataset Construction 

The previous step 2 produced the CDD which is a dataset designed to include all the days with severe 
convective conditions of the past 30-year period. Step 3 is designed to leverage this dataset to con-
struct two new SWEDs, one for hailstorms and one for windstorms, by physical downscaling reanalysis 
data. The goal here is to get all those parameters needed for assessing and mapping both hazards that 
are not available in the initial SWED and include all those events that were omitted or missed in the 
past. 

The physical downscaling is a common practice within the NWP that allows numerical models to ac-
count for the different meteorological phenomena with characteristic spatial dimensions spanning 
from several hundred to a few kilometres and temporal dimensions spanning from several days to a 
few hours. The setup of operational NWP models typically reaches horizontal spatial resolutions of a 
few kilometres (some of them down to 1 kilometre) by means of one-way and two-way grid-nesting 
techniques. These are used to downscale coarse General Circulation Model (GCM) outputs to high-
er-resolution regional domains. Moving towards higher resolutions allows NWP models to account for 
certain terrain-induced processes, such as orographic air parcel lifting and solving certain physical as-
pects of atmospheric flow (e.g., local convective processes, which are parameterised in GCMs because 
they are sub-grid phenomena).  

The methodology suggested considers the ERA5 reanalysis dataset and the WRF model. The former 
provides the initial and boundary conditions to the WRF which are later used to downscale part of the 

ERA5 historical record from 0.25 degrees to a 3-kilometre spatial resolution. This process relies on a 
nesting scheme that considers a 1:3 ratio between the inner and outer domain resolution including 
three WRF domains of 27-km (D27), 9-km (D09) and 3-km (D03) horizontal spatial resolutions in a tele-
scopic approach where the inner domain covers Georgia (see Figure 6). The D03 is the domain used 
to simulate the complete set of thunderstorms and compute/diagnose the parameters needed (e.g., 
maximum, and mean hail size, hail fall spatial distribution, wind speed, gust intensity) for subsequent 
windstorm and hailstorm hazard mapping. The simulation strategy considers independent short WRF 
model runs of 36 hours, each starting at 12:00 noon local time of the previous day under evaluation. 
Note that the first 12 hours are considered as a model spin-up period and only the following 24-hours 
are actually used for evaluation. The simulation of a full day allows the model to solve the entire daily 
cycle and, therefore, solve the meteorological conditions of that day that can lead to strong winds and/
or hailstone formation.

The modelling approach outline broken into three main items is as follows:

WRF model setup

1. Model compilation and verification 

2. Domain definition 

3. Physics configurations sensitivity analysis 

4. Final setup definition

The Advanced Research WRF (ARW) Version 4.0 modelling system user’s guide (https://github.com/
wrf-model/Users_Guide) provides all the information to compile, setup and execute the model. Note 
that the correct definition of the simulation domains is key for achieving an optimal model perfor-
mance. The domain size is directly correlated to the computational cost and the concrete delineation 
of the mesh borders affecting the numerical stability of the model (i.e., when borders intersect very 
complex orography).  

Step 3 is the most relevant step in this approach (physics configurations sensitivity analysis) because 
it forms the basis for choosing the final setup of the mesoscale model simulations. It is important to 
evaluate a set of different combinations of model setups and parameterisations (from those included 
in the WRF system) to simulate the phenomena of interest, i.e., convective storms (see section 4.2 for 
a short description of the different physics categories, Skamarock et al., 2019). Typically, a model setup 
sensibility analysis is structured as follows (see an example in Hahmann et al., 2020): 

1. Define a set of different model configurations based on expert experience and a liter-
ature review. 

2. Define a set of test cases to simulate considering the phenomenon of interest and the 
available observational data to quantify the model performance.

3. Evaluate the skills of the different model setups on predicting parameters using a suite 
of metrics.

Figure 11. A first guess of the regions that may be covered by the nesting domains scheme.

https://github.com/wrf-model/Users_Guide
https://github.com/wrf-model/Users_Guide
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The suggested approach considers a convection-allowing configuration which has the cumulus param-
eterisation turned off in D03 (see Adams-Selin and Ziegler, 2016, for more details) and uses the HAIL-
CAST embedded model to get maximum hail size footprints. The fact that the cumulus parameterisa-
tion is not activated in D03 allows simulating storm-scale convective circulations and updrafts without 
getting into a double counting problem. Thus, the sensitivity analysis should mainly consider different 
combinations of the planetary boundary layer and microphysics schemes and evaluate the model ca-
pability on simulating pre-convective environments and thunderstorms. To evaluate the simulation’s 
accuracy, while being constrained by the observational data available in Georgia, different metrics can 
be used that consider intensity biases, differences in thunderstorm location, duration and trajectory, 
and the temporal evolution of the parameters related to convective environments. Observational data 
that could be used to define and evaluate test cases that might be available in Georgia are thunder-
storms detected and tracked by radar systems, weather parameters (like surface pressure, humidity, 
temperature, rainfall or wind speed) measured by surface weather stations, hailstone fall reported by 
spotters and lightning detected by detection systems. The set of test cases should include different 
severity ranges, locations and mesoscale characteristics.

Workflow setup

5. Workflow design 

6. Data preparation 

7. Automation scripts coding 

8. Workflow verification and validation

The automated simulation workflow (see Figure 7 for a workflow overview) should be designed consid-
ering the large amount of model runs to be carried out. The programming environment suggested to 
code the set of scripts to drive the whole process is Python because of its interpreted nature for script-
ing, its rapid and effective application and its broad number of data processing libraries. The processes 
that should be included are:

•	 File management

•	 ERA5 data pre-processing using the WRF pre-processing system (WPS)

•	 Generation of boundary and initial conditions

•	 Model input files preparation

•	 Model execution

•	 Verification and validation

•	 WRF output post-processing

Figure 12. Overview of the WRF modelling workflow within the approach.

ERA5 downscaling production for Georgia

9. Resource allocation

10. Workflow execution

The estimated computational cost and the total storage needed for 30 years of WRF simulations cover-
ing the whole Georgia by D03 at a 3-km spatial resolution are about a half-million core hours and 100-
TB, respectively. These numbers will decrease proportionally vis-à-vis the final number of days included 
in the CDD. So, for example, the cost will be reduced by 75% if the CDD includes 90 days per year. How-
ever, these numbers can vary significantly depending on the model compilation options, the domains 
sizes, the physical schemes selected or the ratio between mesh nodes per computational node. The 
actual cost will be better estimated after the sensitivity analysis and a simple model scalability test to 
define the best ratio between mesh nodes per computational node.

5.3  Detailed Guidance on Hazard Map Construction

5.3.1 Statistical Analyses

The statistical analyses and the following hazard mapping are usually considered as post-processes of 
the simulated events. Both tasks are performed in a similar manner for hailstorms and windstorms. 
However, given the nature of each hazard, particularities are pointed out when needed. One of the 
simpler approaches is to create gridded count maps of days with hail (or severe winds) and then com-
pute the annual average over the historical period evaluated. Note that this first example requires a 
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previously defined criterion on whether or to include an event in the analyses. This also applies to the 
analyses considering event severity. The suggested strategy uses simplified versions of the well-known 
TORRO Hailstorm Intensity Scale and the Beaufort Wind Force Scale. Both scales present many levels 
of severity. the Torro scale considers ten severity levels starting from 5-mm diameter hailstones up to 
more than 100-mm and the Beaufort scale instead includes 12 levels considering 10-minimum average 
wind speeds at a 10-m height from 0 to more than 32.7-m·s¹⁻. The proposed simplified scales are:

Scale Wind Speed (m·s-1) Beaufort Scale  
Correspondence Conditions

Non severe 14-20 N7-N8 Twigs break off trees and complicates or 
impedes progress

Severe 20-29 N9-N10 Trees uprooted and slight to considerable 
structural damage

Destructive >30 N11-N12 Widespread damage

Scale Hail Diameter (mm) TORRO Scale  
Correspondence Conditions

Non severe 5-15 H0-H1 No damage or slight damage

Severe 15-40 H2-H4 Severe damage to crops, widespread glass 
damage, vehicle bodywork damage

Destructive >40 H5-H10 Wholesale destruction of glass, severe  
damage to roofs, significant risk of injuries

Following the simple example above regarding annual means, the gridded count maps can additionally 
consider labelling each event (hazardous day) with a severity level. This simple procedure allows to 
compute and depict the annual averages for each severity level. Additionally, return periods can be 
calculated for those severity levels with higher impacts (e.g., severe, and destructive), contrasting the 
recurrence of the historical events with the simulated events to obtain a function that describes the 
maximum intensity expected for a period in time. Additionally, a map with the distribution of exceed-
ance probabilities of each severity threshold can be constructed.  

Every map generated follows a general workflow for distribution construction. First, the simulations 
are integrated into a main grid to compare values. Then, each point of the grid is processed as an indi-
vidual element. Simple or complex probabilistic approaches as frequencies or weighted probabilities 
are applied in the case of the probabilistic hazard map. In contrast, return period maps could require 
interpolation and regression techniques. After the processing, the results are written in the grid (prob-
abilities distribution or maximum intensity expected) depending on the approach selected. The maps 
could be developed using the NetCDF format through Python and GeoPandas programmes or scripts 
which must be developed according to the inputs and needs. The resolution of the maps depends on 
the general grid. In the case that the simulations have less resolution than the grid, interpolation tech-
niques will be also required. Finally, the checking and the visualisation of the maps demands the use of 
Geographic Information Systems like ArcGIS (commercial) and QGIS (open source) or Python libraries 
like Folium and Leaflet.

The mapping process and the statistical analysis should consider the final receiver and the channels of 
dissemination used. For example, an institutional stakeholder could use these hazard maps for making 
decisions at a municipality level. Thus, a map presenting the information at that level will be worth 
developing. Instead, a meteorologist or a climatologist could take advantage of high-resolution contin-
uous maps depicting as much detail as possible.

5.3.2. Return period selection

Return period is a measure of the expected level of recurrence of an event of a certain intensity. The higher 
the return period, the less frequent and more severe the event is likely to be. The choice of the return peri-
od is arbitrary at the hazard level. Often, we are interested in the 100/75/50-year return periods. However, 
the return periods of interest are specific to the end-user and the use case. The process above results in the 
continuous return period-intensity relation and hence any return period of choice can easily be considered. 

5.3.3 Probability distribution selection

Appropriate distributions must be fit to the data to allow extrapolation of the data to larger return 
periods. The type of distribution will typically vary depending on the nature of the hazard. The Extreme 
Value Theory (EVT) is often used to estimate distributions of rare and extreme events. It allows distri-
butional information to be extrapolated from a relatively limited sample. The EVT generally comes in 
two variants: Block Maximum Approach or Peak Over Threshold (POT) approach. The Block maximum 
approach employs the Generalised Extreme Value distribution which can take the form of a Gumbel, 
Weibull or Fréchet distribution depending on the value of a certain parameter whereas the POT ap-
proach employs a Generalised Pareto Distribution.

Until the simulations are completed, and the data can be observed, it is challenging to specify an exact 
distribution or technique that will be used to obtain the probability distributions. An illustrative exam-
ple for wind using a Weibull distribution is shown below:

Figure 13. Example of Weibull distribution fitted to a wind hazard dataset.

https://www.torro.org.uk/research/hail/hscale
https://en.wikipedia.org/wiki/Beaufort_scale
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5.3.4 Hazard Mapping (*)

Hazard mapping relies on the construction of a historical event dataset and its associated intensities. By 
observing the frequencies of events, probability distributions can be extrapolated. 

It is important to note that these calculations must be done for each grid cell in the domain of interest 
as each cell will have a unique distribution of hazard intensities. 

Hazard mapping process overview

1. Obtain 30-year simulated WRF/HAILCAST data

 The WRF is run for the days predicted to be convective by the Machine Learning Classifier. 
From the model’s output files (wrfout), obtain the time series containing maximum, mean and 
standard deviation of hail diameter as well as similar data for wind. These data allow for the 
construction of a post-processed time series dataset which has hazard events and their associ-
ated intensities. 

2. For each grid cell, order the records of hazard intensity, i.e., hailstone size and wind speed in 
a descending order  

 Each grid cell must be treated separately due to the geographical variation in the behaviour of 
the hazard. The most severe event recorded in the dataset can be assumed to be equivalent of 
a return period of 30 years, i.e., the length of the recorded time series.  

3. Fit an appropriate probability distribution to the data obtained to be able to interpolate and 
extrapolate to other return periods and intensities alike.

 Although using a 30-year time series provides a limited snapshot of historical hazard events, 
we can ascertain the behaviour of the hazard beyond the ranges seen in the data by using 
techniques to fit distributions on a small sample (particularly Extreme Value Theory) as de-
scribed in the above section. Common metrics of curve fitting (e.g., R2) can be used to evalu-
ate the validity of distribution. 

4. Define key return periods of interest.

 Return periods of interest depend on the context but we are typically interested in five, 10, 20, 
50, 100, 200, 500 and 1,000-year periods. These return periods will define the structure of the 
final dataset and ensure that we do not store superfluous information that is not required for 
the hazard map construction. 

5. Calculate intensity level for each key return period for subsequent mapping.

 The probability distributions will be stored in an array with a key linked to their specific grid cell 
followed by the respective intensity values of the selected return periods. The correct intensity 
for a specific cell can then be obtained by performing a simple lookup on the return period 
required. The intensities can subsequently be categorised to align with the severity scales de-
tailed in the section above by this point in the analysis.

The final step is the production of the actual hazard map chart. For this, a given return period can be 
selected (for example, 100 years). 

Hazard maps must consider traditional mapping recommendations in addition to specific ones aris-
ing from their target use.  In general, the map projection must be chosen to minimise the distor-
tions in area or angles. For the case of Georgia, a country of moderate spatial extension and with a 
mid-latitude range, there are no extreme distortions in most projections and the recommendation 
is to use projections that users are familiar with (for example, Mercator, EPSG:2588/89). Local 
maps of the country should include insets with reference location, especially for products direct-
ed for media communication. The colour schemes of the geography (water, elevation) should be 
included in a strongly subdued saturation to avoid introducing error in reading or to attract atten-
tion to irrelevant areas of the map. 

The data itself should be displayed as a gridded colour heat map. The choice of the colour scale must 
be done carefully and attending to the recommendations from the data visualisation field; in particu-
lar, for hazard or risk maps. The recommended choices are to use a limited hue colour scale (or even a 
single hue) where the main variable is encoded in the luminance of the colour in a perceptually linear 
way. This avoids distortions of luminosity due to some colours being naturally lighter than others. See 
example below: 

Figure 14. Left plot: hazard map (earthquake) with an incorrect colour scale. On the right plot: the same hazard map with a desaturated 
colour scale showing how yellow and light blue have more luminance.

The colour palette must also be coordinated with relevant thresholds that need to be highlighted and 
uses this to reduce the number of colour brackets to the minimum in order to minimise confusion and 
increase clarity. The maps above, with a reduced number of categories and with a perceptually linear 
colour scale, are shown below: 
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Figure 15. Left plot: the same map as Figure 9 with a reduced number of brackets and colours to increase readability. Right plot: the same 
map with a perceptually linear colour scale, decreasing confusion and precision.

5.4  Modelling Uncertainty and Sensitivity Analysis

Uncertainty is present in all modelling and forecasting activities. It arises from different sources such as 
input data, model assumptions, algorithmic simplifications, computational limitations, or constraints in 
the analysis. Furthermore, because these sources of uncertainty depend on location, geo-located data 
presents additional issues in the analysis and presentation stages. Thus, one must embrace the pres-
ence of uncertainty and integrate it into the modelling as well as in the communication of results as it 
is also known that the proper knowledge of uncertainty in information leads to better decision-making 
processes.

In the proposed methodology for modelling windstorm and hailstorm hazards, the following sources 
of uncertainty are found: 

•	 ERA5 and other reanalysis data:

o Reanalysis natural grid coarse resolution

o Observational data assimilated

o ECMWF model physical parameterisations

•	 Observational data (SWED):

o Measuring systems

o Inconsistent criteria for labelling

o Inconsistent/changing data structure

o Sparse/missing data

•	 WRF simulation:

o Initial and boundary conditions (from ERA5 in this case)

o Model physical parameterisation schemes and governing equations

o Discretised model grid

•	 Machine Learning Classification:

o Successive training episodes can lead to different models

o Random selection of items for validation can introduce uncertainty into the model 
metrics

o Together with randomness in the thresholds, these lead to uncertainty in the mod-
el selection and hyper parameters

•	 Mapping/presentation:

o Colour perception (confusion/limitations/colour blindness) 

o Binning

o Errors in tasks for which map charts are not optimised (e.g., time comparison, 
comparison between distant or different size regions, evaluation of trends)

The total uncertainty in the final forecast depends on all the individual uncertainties but it is not nec-
essarily a straightforward combination. When possible, uncertainties can be compounded through the 
operations and processes that combine the data in processes similar to error propagation. Many times, 
more complex analytical and numerical methods are required, such as sensitivity analysis, Bayesian 
methods, statistical regressions or approaches that involve measured or estimated probability distri-
butions and their combinations, to see how these influence model output. Another common way of 
estimating uncertainty (especially at the level of the individual uncertainties of the components) is 
simply expert estimation. Finally, the communication of the results also can introduce uncertainty as 
limitations in the media, human perception, time and user knowledge can break or at least degrade the 
understanding of the information—a key step in the decision-making process. 

In the following sub-sections, these issues are broken down into further detail, especially when applied 
to hailstorm or windstorm hazard mappings.

5.4.1. Uncertainty Analysis

The MWHMM will aim at incorporating the best available knowledge of limitations and unknowns into 
the analysis in the most automated way possible, relying at a minimum on expert estimations. 

For many of the data sources, a series of sensitivity tests for both hailstorm and windstorm mapping 
are proposed to be completed for one of the event recurrences (e.g., one in 100 years). This section 
outlines the recommended procedure for conducting and incorporating the outcome of these sensitiv-
ity tests. The first step should be to evaluate which sensitivity tests need to or can be performed and 
also select those tests and models to be tested that are the dominant sources of uncertainty.
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When no sensitivity tests can be performed, probability distributions of the uncertainty based on his-
toric data are estimated. In the case of the ML model that produces the CDD, part of the uncertainty is 
reducible but at the cost of increasing the number of days in the CDD and, therefore, there is a need to 
estimate the uncertainty from the maximum size of the CDD that can be afforded. 

Uncertainty will be represented as the expected number of events every 100 years below or above the 
estimated number. People, including technicians and decision makers, respond better to uncertainty 
expressed as a natural frequency—instead of percentages, for example, or skill: the comparison be-
tween how well we did in the past which produces a score between 0 and 1 and measures the confi-
dence of the predictions. 

The stages for the uncertainty analysis are:

1. Selection of tests and models to be tested.

2. Sensitivity tests for reanalysis data.

3. Sensitivity test for the MLC model.

4. Sensitivity test for the WRF simulation.

5. Assessment of results.

6. Mapping of uncertainty on the hazard map.

5.4.2 Sensitivity Tests
•	 Reanalysis data is static (in the sense that the simulations have been performed external-

ly) and uncertainty is fixed, although it can vary strongly by region and period. The sensi-
tivity test can use the recommended error bars from the Copernicus literature.

•	 The precision and uncertainty of the MLC model can be evaluated by sensitivity tests with 
a recommended

o Change ±10% the volume of training data coming from the SWED.

o Ten to 20 random realisations (with different seeds) of training episodes and vali-
dation dataset selection.

o Change %10± and %20± the threshold for classification. 

•	 The WRF sensitivity tests in this case should be mainly focused on analysing the model’s 
ability in simulating convective periods. The process is usually done in the model setup 
phase and comprehends testing different combinations of physical parameterisations and 
the computation of several metrics to evaluate the accuracy of the model simulations as 
compared to observations. For example, the model’s accuracy analysis on predicting the 
wind field can be based on the use of the root mean square error (RMSE) metric consider-
ing the whole diurnal cycle and also the intensity extremes. 

5.4.3. Uncertainty from ML approach

The MLC approach uncertainty is asymmetric in those false positives (and the false positive rate) in the 
CDD can be readily identified by the WRF, but false negatives cannot. This is a particularly important 
issue because false negatives will directly lower the hazard recurrence while false positives only impact 
directly on the number of days needed to simulate which can indirectly affect the uncertainty in the 
overall estimation by leaving out true positives. Key to understanding the magnitude of this issue will 
be to estimate a probability distribution of false negatives and false positives which can be constructed 
synthetically by leaving out items from the SWED and using a ROC AUC curve.

With these distributions, we can estimate the effect on event frequency either through a sensitivity 
test (if possible) or through Bayesian estimations.

On the other hand, we can also estimate the probability of the model being right or not in the future (as 
opposed to the historic data) from the ROC AUC and other metrics and use this to estimate uncertainty 
in the forecast.

5.4.4 Final Uncertainty Assessment 

The combined uncertainty with all different components will be estimated by either a cumulative as-
sessment or by selecting the areas/values of larger extent or impact. In this case, the latter approach 
will be used. All hailstorm and windstorm hazard rates from different error rates will be superimposed 
and the larger values will be selected for each region. The associated uncertainty will be computed 
from the variation of results at each location. This method will be validated by comparing each uncer-
tainty value to the frequency at which it was observed by another approach of weighting. 

Because weather data is strongly affected by climate trends, uncertainty will be studied as a function 
of time whenever possible (i.e., when enough statistics can be made). 

5.4.5 Supporting Decision making with Uncertainty

The uncertainty analysis can help produce the hazard map, as outlined above, by guiding the value to 
be displayed in maps. However, there is evidence that decision making is improved when the users 
have access to both the predicted values and their associated uncertainty. However, it is not straight-
forward to do this on map charts. There are different types of uncertainty visualisation to consider: 

•	 Side by side maps of the main quantity and its uncertainty. 

•	 Displaying low and high bounds for the forecast.

•	 Changing the colour saturation or opacity depending on uncertainty.

•	 Clipping and hiding values above a certain uncertainty threshold. 
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Figure 16. Comparison of uncertainty visualisation techniques for hazards (earthquake aftershocks, shown in the lower right panel). Top, 
side by side forecast and uncertainty. Middle, high and low bounds. Lower left, transparency proportional to uncertainty.

Each method must be analysed taking into account the visual tasks that the users (decision makers) must 
perform with the map. Two common tasks are to identify a) “sure bets;” i.e., places where an event or a 
non-event are highly likely and b) “potential surprises” where the forecast is low but the uncertainty is 
high enough to imply a potential risk. In these cases, while most visualisation techniques perform simi-
larly for sure bets, the lower and higher bounds of the predicted range appear to be significantly better 
than other techniques for identifying potential surprises visualising side by side. In this case, the relative 
importance of having a false negative event is crucial to decide the form of the display.

5.5  Windstorm and Hailstorm Modelling Component

The modelling of both hazards is commonly carried out by means of Numerical Weather Prediction 
(NWP) models like the well-known WRF model (Skamarock et al., 2008 and 2019). However, the predic-
tion of hail size has so far been largely addressed from a climatological point of view, relating reported 
hail occurrences with past meteorological conditions. Fortunately, the hail forecasting model HAILCAST 

embedded in the WRF (Adams-Selin and Ziegler, 2016) has shown some degree of success and rep-
resents a more physics-based approach in determining hail size. 

Both models are introduced separately below; however, of note is that the HAILCAST model is currently 
embedded and updated within the WRF model. Of additional note is that the NWP models need the 
initial atmospheric state to be characterised as well as boundary conditions to drive the simulation 
over time. The ERA5 reanalysis (Hersbach et al., 2020) is considered here and is also presented below.  

5.5.1 ERA5 Reanalysis

A reanalysis is an estimation of the atmospheric state of past periods that results from complex pro-
cesses where observational data coming from multiple sources are assimilated onto a background 
state using what is called a Data Assimilation system. 

This background state, also called “first guess,” usually comes from previous NWP model integration. 

To fulfil consistency requirements over the historical period covered, the modelling and the data assim-
ilation systems are kept frozen over time. 

DATA  

ASSIMILATION

Figure 17. ERA5 system components.
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Concretely, the ERA5 (Hersbach et al., 2020) is the fifth generation ECMWF reanalysis for global climate 
and weather and covers the period from 1950 to the present. This is produced using 4D-Var data assim-
ilation and an ensemble of model forecasts of the ECMWF’s Integrated Forecast System (IFS) CY41R2 
integration cycle with 137 hybrid sigma/pressure (model) levels in the vertical and the top level at 
0.01-hPa (visit ERA5 documentation at https://confluence.ecmwf.int/ for more detailed information).   

The whole dataset can be found in the Copernicus Climate Data Store (CDS, Copernicus Climate Change 
Service, 2017) and can be downloaded directly from the web portal or via programmatic access through 
the CDS Application Program Interface (API). The information is presented in the portal in different 
datasets at a 0.25° x 0.25° horizontal spatial resolution and 37 pressure levels as follows: 

•	 ERA5 hourly data on single levels from 1979 to present.

•	 ERA5 monthly averaged data on single levels from 1979 to present. 

•	 ERA5 hourly data on pressure levels from 1979 to present. 

•	 ERA5 monthly averaged data on pressure levels from 1979 to present. 

The ERA5 reanalysis dataset is updated daily and released with a latency of five days. Additionally, ERA5 
data can also be found on the native model grid in the ECMWF MARS storage system. For more infor-
mation, please visit the ECMWF confluence portal.

5.5.2. WRF-ARW Model

The WRF is an NWP model and an atmospheric simulation system designed for both research and 
operational applications (Skamarock et al., 2019). The model is the result of a multi-agency effort to 
develop a flexible, state-of-the-art, and portable code computationally efficient for both massive-par-
allel supercomputers and personal computers. The WRF system offers two different dynamic solvers, 
the Advanced Research WRF (ARW) and the Non-hydrostatic Mesoscale Model (NMM). Here, the focus 
is centred on the WRF-ARW developed primarily at and supported by the National Centre for Atmo-
spheric Research (NCAR). The WRF-ARW’s possible applications span across scales ranging from the 
global level down to the Large Eddy Simulation. Some features that make this possible are the global 
simulation capability using the Fourier filter and periodic east-west conditions, the one-way and two-
way nesting options or the different map projections which are supported. In addition, the system 
encompasses many numerical and physical options and packages like the WRF pre-processing system 
(WPS) and the data assimilation system (WRF-DA).  

The WRF-ARW dynamics solver integrates the fully compressible non-hydrostatic Euler equations for-
mulated in the flux conservative form (using mainly variables that have conservation properties). These 
equations are written in a terrain-following hydrostatic-pressure vertical coordinate system in terms of 
the dry-air mass column. The WRF-ARW solves this system of equations using perturbation variables 
to reduce truncation errors in the horizontal pressure gradient in the discrete solver and machine 
rounding errors in the vertical pressure gradient and buoyancy calculations (Skamarock et al., 2019). 
The model is solved using staggered finite differences schemes on a horizontal Arakawa C-grid. The 
temporal integration uses an explicit third order Runge Kutta time integration scheme for low frequen-
cy modes and a smaller time step for high-frequency acoustic modes. 

The WRF system provides a list of physical options that can be classified into microphysics, cumulus, 
land-surface, planet boundary layer (PBL) and radiation models. The simulation of convective events is 
influenced by all of them, and the selection of the most suitable schemes depends on various aspects 
like the phenomena of interest (hailstorm and windstorm simulations in this case) or the climatology 
of the region (Georgia). The list below summarises the different groups or packages of physical models:

1. Microphysics packages include explicitly resolved water vapour, cloud and precipitation pro-
cesses and account for sedimentation and saturation. Some of the schemes predict distinct 
categories of hydrometeors like vapour, rain, snow, cloud ice, cloud water, graupel and hail 
with its associated processes. Starting with the WRF v4, there is the HAILCAST model (Ad-
ams-Selin and Ziegler., 2016) embedded within this package (Skamarock et al., 2019) which is 
a one-dimensional physically based hail forecasting model designed to diagnose hail size, 
hail density and terminal velocity.  

2. Cumulus packages which model the sub-grid scale effects of convective and/or shallow clouds. 
Thus, these parameterisations should not be used when the WRF model can resolve the con-
vective eddies (resolutions of 3 km or higher in our case). For example, the modified KF scheme 
is a simple mass-flux 1D cloud model for the vertical fluxes due to the moist updrafts and 
downdrafts, also including entrainment and detrainment effects.  

3. Surface Layer packages provide thermal stability-dependent information to the Land Surface 
and PBL schemes that are used to calculate surface heat and moisture fluxes.   

4. Land Surface packages are 1D column models that deal with thermal and moisture fluxes in 
multiple soil layers. These models gather information from the surface layer, radiative and PBL 
schemes together with land-surface properties to primarily provide bottom boundary condi-
tions (i.e., sensible, and latent heat fluxes) for the PBL schemes. For example, the LSM scheme 
is a four-layer (10, 30, 60, 100 cm from the top down) soil temperature and moisture model 
that deals with canopy moisture and snow cover considering evapotranspiration, soil drainage, 
vegetation categories, etc.  

5. Planetary Boundary Layer packages are 1D models that provide source terms (tendencies) 
to the horizontal momentum, temperature, and moisture in the entire atmospheric column. 
These schemes model the vertical sub-grid scale fluxes due to eddy transports, i.e., in the WRF 
model explicit vertical diffusion is deactivated.
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Figure 18. A simplified WRF-ARW modelling system scheme.

The WRF modelling system (Figure 18) includes a set of executables running different processes that 
are controlled by a set of input files called “namelists.” The namelists are text files where the user 
defines a list of parameters defining the mesh, the temporal window, the physics and the dynamics 
options and so on. The first part of the process entails the WPS environment including a set of three 
programmes that prepare the inputs for the subsequent simulation (the boundary and initial condi-
tions). Each of these three programmes performs one stage of the preparation: 

•	 geogrid defines model domains and interpolates static geographical data to the grids.

•	 ungrib extracts meteorological fields from GRIB-formatted files.

•	 metgrid horizontally interpolates the meteorological fields extracted by ungrib to the model 
grids defined by geogrid. 

The WRF model contains three main programmes:

•	 real programme performs the vertically interpolation of the meteorological fields produced by 
the WPS to WRF eta levels.

•	 wrf is the numerical integration programme.

•	 ndown programme does the one-way nesting in between two simulations run one after the oth-
er; the former is a coarser-grid-resolution run and the subsequent is a finer-grid-resolution run.

The model output files (wrfout) are written in netCDF format and include a large number of variables. 
The number of variables outputted, and the outputs frequency can be modified via the model registry 
and input namelist respectively.

5.5.3 HAILCAST Model

The HAILCAST model is a one-dimensional physically based hail forecasting model initially developed 
by Poolman (1992) and improved by Brimelow et al. (2002) and Jewell and Brimelow (2009). HAILCAST 
consists of a 1D steady-state cloud model coupled with a time-dependent hail growth model. The 
model ingests vertical profiles of temperature, moisture, and wind from observed soundings, assumed 
steady by the model, and used to drive the cloud model. The latter produces vertical profiles of vertical 
velocity, liquid and ice water content and temperature associated with a cloud that are passed to the 
hail growth model. This inserts a liquid embryo at the cloud base with a given upward motion and its 
vertical trajectory is calculated each time step considering its terminal velocity. The embryo accretes 
liquid water along the upward trajectory growing in size. When it passes –8°C, it automatically freezes. 
At this point, the hailstone is considered a spherical ice particle, the mass budget is tracked, and the 
heat balance equation is solved at every time step. Depending on its internal and in-cloud tempera-
tures, the model applies a wet or dry growing regime. Once the hailstone becomes too large to be 
sustained aloft by the updraft, or if the updraft is shut off, it starts its descent (Adams-Selin and Ziegler, 
2016). Below the cloud base, the moisture is set to 0 and the hailstone melting ratio is calculated with 
the mean wet bulb temperature.  Finally, the model predicts the maximum hail diameter.

Recently, the model has been integrated into the WRF-ARW model (WRF-HAILCAST) by Adams-Selin 
and Ziegler (2016), including significant updates to the physics of hail growth. Here, the HAILCAST 
model is one-way coupled with the WRF model replacing the 1D steady-state cloud model by the more 
physically realistic updraft and microphysical information produced by the WRF (see the conceptual 
model schematised in Figure 18). When run at a horizontal spatial resolution of 4-km or higher, the 
WRF is thought to well reproduce the dominant and larger-scale circulations as well as the hydro-
meteor fields associated with organised storms and convective systems. In contrast with the original 
HAILCAST model, hailstone growth in the WRF-HAILCAST is not assumed to be confined within the 1D 
updraft core until the hailstone grows large enough to overcome the updraft and fall to the ground. 

Figure 19. Conceptual model of WRF-HAILCAST processing; WHAIL is the updraft speed encountered by the hail particle and WDUR and w 
are the updraft duration and intensity, respectively 

Source: Adams-Selin and Ziegler, 2016.
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HAILCAST is triggered at any grid point with strong convection, releasing five embryos into the WRF 
grid columns that are tracked as they rise, grow into hailstones and fall.  The hail size information at 
the surface is then passed back to the WRF and stored. WRF-HAILCAST outputs include the maximum, 
mean and standard deviation hail diameters at the surface for hailstones produced by the five embryos 
(Adams-Selin and Ziegler, 2016). Of note is that the WRF-HAILCAST will only predict hail if the WRF 
predicts deep convection.

5.5.4. GEORG-AI Platform

The GEORG-AI platform will be a user-friendly version of the ML components that have been devel-
oped throughout the process. It will allow a non-expert user to interact with the creation of a CDD 
and modify aspects of the pipeline. 

Not only will the ML be accessible and configurable, but the platform will allow the creation and 
visualisation of hazard maps based on the CDD in use. Furthermore, GEORG-AI will include an Early 
Warning System (EWS) capable of using short-term meteorological forecasts to predict the occur-
rence of wind and hail events.

Key features:

•	 Interactive data inspection and visualisation.

•	 Aesthetic reporting and visualisation of key model metrics.

•	 Customisation around hazard map production (return period selection, area of concern, 
colour gradients).

•	 Report download functionality.

Model Updating and Maintenance 

6.1   Model Packaging

The initial deployment of the model will be presented as a collection of executable interactive Python 
scripts in the form of interactive Jupyter notebooks (using Voilà, Plotly or papermill). In this way, users 
can be engaged by coming from domains of expertise different than ML and who might not have any 
programming knowledge. Interactive Python notebooks are a simple way to create standard looking 
webpages and dashboards that allow the user to control certain parameters and, if configured appro-
priately, let them choose between different setups, outputs or even recompute light quantities (i.e., 
not a full simulation but a recalibration of the uncertainty computation). This technology is not suitable 
for massively accessed applications, but it is rather good for prototypes that will only have a few users 
at the time. 

The final version of the model will be presented as a robust Python package as well as being deployed 
within the GEORG-AI platform. 

By presenting the algorithm in a Python package, maintenance becomes straightforward as it is easy 
to:

1. Modularise different functions and data formats.

2. Clearly document the role and use of each function.

3. Integrate the algorithm into external software (GEORG-AI).

4. Expand by adding new features and datatypes to the model.

5. Test that the functions are behaving correctly using Python’s testing suites.

6.2  CDD Creation and Hazard Mapping

The Machine Learning Classifier used to build the historical CDD ought to be periodically retrained to 
include more recent and a greater number of observations. Retraining the model in this way prevents 
it from becoming outdated and will allow the capture of new phenomena. However, the model only 
needs to be retrained if new and updated hazard maps are required.  
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Moving forward, the CDD will grow over time to include newly observed convective events. Given the 
extension of the AWS and radar networks that will be implemented in Georgia, the CDD will gradual-
ly move from mostly ML predicted convective events, dates, and locations to a higher proportion of 
actual observations and their associated intensities. This will serve to increase the accuracy of the ML 
model as the training dataset becomes more complete and more reliable. 

The training (retraining) dataset is not equivalent to the CDD as it contains historical time series to the 
present day with each date labelled as a convective event or not whereas the CDD is the predicted list 
of dates/locations resulting from the application of the MLC to reanalysis data across the whole set of 
ERA5 grid points over Georgia.

Model retraining will require data science expertise. 

6.3  Early Warning System (EWS)

The proposed Early Warning System will use a similar Machine Learning Classifier to predict the ap-
pearance of hailstorms/windstorms on short future timescales using meteorological forecasts. The 
given predictions would be served on a daily basis and constant retraining vis-à-vis this model will be 
required.

The growing training dataset will be the same as used above and, again, in theory the model should 
become more accurate as the proportion of high-quality convective event data increases.

Data science expertise is required to assimilate new data into the training dataset and manage the 
retraining algorithm. 

References

Adams-Selin, R.D. and Ziegler, C. L. (2016). “Forecasting Hail Using a One-Dimensional Hail Growth 
Model within WRF.” Monthly Weather Review, 144(12), pp. 4919-4939. https://doi.org/10.1175/
MWR-D-16-0027.1

Baldi, M. ; Ciardini, V. ; Dalu, J. D.; De Filippis, T.; Maracchi, G. and Dalu, G. (2014). “Hail Occurrence in 
Italy: Towards a National Database and Climatology.” Atmospheric Research, 138, pp. 268-277. https://
doi.org/10.1016/j.atmosres.2013.11.012

Brimelow, J.C.; Reuter, G.W. and Poolman, E.R. (2002). “Modelling Maximum Hail Size in Alberta Thun-
derstorms.” Weather and Forecasting, 17(5), pp. 1048-1062. https://doi.org/10.1175/1520-0434(2002
)017<1048:MMHSIA>2.0.CO;2

CENN - Caucasus Environmental NGO Network and University of Twente (ITC) (2012). Atlas of Natural 
Hazards and Risks of Georgia  http://drm.cenn.org/index.php/en/background-information/paper-atlas

Copernicus Climate Change Service (C3S) (2017). ERA5: Fifth Generation of ECMWF Atmospheric Re-
analyses of the Global Climate. Copernicus Climate Change Service Climate Data Store (CDS). https://
cds.climate.copernicus.eu/cdsapp#!/home

Dörenkämper, M.; Olsen, B.T.; Witha, B.; Hahmann, A.N.; Davis, N.N.; Barcons, J.; Ezber, Y.; Garciá Busta-
mante, E.; Fidel González-Rouco, J.; Navarro, J.; Sastre-Marugán, M.; Sile, T.; Trei, W.; Žagar, M.; Badger, 
J.; Gottschall, J.; Rodrigo, J.S. and Mann, J. (2020). “The Making of the New European Wind Atlas - Part 
2: Production and Evaluation.” Geoscientific Model Development, 13(10), pp. 5079-5102. https://doi.
org/10.5194/gmd-13-5079-2020

Dyson, L.L.; Pienaar, N.; Smit, A. and Kijko, A. (2021). “An ERA-Interim HAILCAST Hail Climatology for 
Southern Africa.” International Journal of Climatology, 41(1), pp. 262-277. https://doi.org/10.1002/
joc.6619

Hahmann, A.N.; Sīle, T.; Witha, B.; Davis, N.N.; Dörenkämper, M.; Ezber, Y.; García-Bustamante, E.; 
González-Rouco, J.F.; Navarro, J.; Olsen, B.T. and Söderberg, S. (2020). “The Making of the New Euro-
pean Wind Atlas – Part 1: Model Sensitivity.” Geoscientific Model Development, 13(10), 5053–5078. 
https://doi.org/10.5194/gmd-13-5053-2020

Hersbach, H.; Bell, B.; Berrisford, P.; Hirahara, S.; Horányi, A.; Muñoz-Sabater, J.; Nicolas, J.; Peubey, C.; 
Radu, R.; Schepers, D.; Simmons, A.; Soci, C.; Abdalla, S.; Abellan, X.; Balsamo, G.; Bechtold, P.; Biavati, 
G.; Bidlot, J.; Bonavita, M.; … Thépaut, J. (2020). “The ERA5 Global Reanalysis.” Quarterly Journal of the 
Royal Meteorological Society, 146(730), pp. 1999-2049. https://doi.org/10.1002/qj.3803

Jewell, R. and Brimelow, J. (2009). “Evaluation of Alberta Hail Growth Model Using Severe Hail Prox-
imity Soundings from the United States.” Weather and Forecasting, 24(6), pp. 1592-1609. https://doi.
org/10.1175/2009WAF2222230.1

https://doi.org/10.1175/MWR-D-16-0027.1
https://doi.org/10.1175/MWR-D-16-0027.1
https://doi.org/10.1016/j.atmosres.2013.11.012
https://doi.org/10.1016/j.atmosres.2013.11.012
https://doi.org/10.1175/1520-0434(2002)017%3c1048:MMHSIA%3e2.0.CO;2
https://doi.org/10.1175/1520-0434(2002)017%3c1048:MMHSIA%3e2.0.CO;2
http://drm.cenn.org/index.php/en/background-information/paper-atlas
https://doi.org/10.5194/gmd-13-5079-2020
https://doi.org/10.5194/gmd-13-5079-2020
https://doi.org/10.1002/joc.6619
https://doi.org/10.1002/joc.6619
https://doi.org/10.5194/gmd-13-5053-2020
https://doi.org/10.1002/qj.3803
https://doi.org/10.1175/2009WAF2222230.1
https://doi.org/10.1175/2009WAF2222230.1


Methodology for Windstorm and Hailstorm Hazard  
Modelling, and Mapping for Georgia68

Poolman, E.R. (1992). Die voorspelling van haelkorrelgroei in Suid-Afrika (The Forecasting of Hail 
Growth in South Africa). M.S. thesis, Faculty of Engineering, University of Pretoria, p. 113.

Punge, H.J.; Bedka, K. M.; Kunz, M. and Reinbold, A. (2017). “Hail Frequency Estimation Across Europe 
Based on a Combination of Overshooting Top Detections and the ERA-INTERIM Reanalysis.” Atmo-
spheric Research, 198 (August), pp. 34-43. https://doi.org/10.1016/j.atmosres.2017.07.025

Skamarock, W.C.; Klemp, J.B.; Dudhia, J.; Gill, D.O.; Barker, D.M.; Duda, M.G.; Huang, X.Y.; Wang, W. and 
Powers, J.G. (2008): A Description of the Advanced Research WRF Version 3. NCAR Tech. Note NCAR/
TN-475+STR, p. 113. https://doi.org/10.5065/D68S4MVH 

Skamarock, W.C.; Klemp, J.B.; Dudhia, J.; Gill, D.O.; Zhiquan, L.; Berner, J.; Wang, W.; Powers, J.G.; Duda, 
M.G.; Barker, D.M. AND Huang, X.Y. (2019). “A Description of the Advanced Research WRF Model Ver-
sion 4.” NCAR Technical Note NCAR/TN-475+STR  http://library.ucar.edu/research/publish-technote

Trefalt, S.; Martynov, A.; Barras, H.; Besic, N.; Hering, A.M.; Lenggenhager, S.; Noti, P.; Röthlisberger, 
M.; Schemm, S.; Germann, U. AND Martius, O. (2018). “A Severe in Complex Topography in Switzer-
land - Observations and Processes.” Atmospheric Research, 209, pp. 76-94. https://doi.org/10.1016/j.
atmosres.2018.03.007

Ukkonen, P. and Mäkelä, A. (2019). “Evaluation of Machine Learning Classifiers for Predicting Deep 
Convection.” Journal of Advances in Modelling Earth Systems, 11 (6), pp. 1784-1802. https://doi.
org/10.1029/2018MS001561

WMO. (2014). The WMO Strategy for Service Delivery and Its Implementation Plan (WMO-No. 1129).   

WMO. (2015). WMO Guidelines on Multi-hazard Impact-based Forecast and Warning Services (WMO-
No. 1150).   

WMO. (2017). Guidelines for Nowcasting Techniques (WMO-No. 1198)

WMO. (2013). Cascading Process to Improve Forecasting and Warning Services, Vol 62 (2) - 2013  

WMO. (2018). Guide to Climatological Practices (WMO-No.100).  

WMO. (2019). Manual on the Global Data-processing and Forecasting System (WMO-No.485). 

WMO. (2019). Technical Regulations; Basic Documents No. 2; Volume I – General Meteorological Stan-
dards and Recommended Practices.

https://doi.org/10.5065/D68S4MVH 
http://library.ucar.edu/research/publish-technote
https://doi.org/10.1016/j.atmosres.2018.03.007
https://doi.org/10.1016/j.atmosres.2018.03.007
https://doi.org/10.1029/2018MS001561
https://doi.org/10.1029/2018MS001561

