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ABSTRACT

Hazardous weather phenomena pose an increasing societal and economic risk
throughout the world. Many of those are precipitation-related and can thus be
studied using weather radars. The benefits of utilising radars have been proven,
especially on phenomena comprising rapid developments and covering small areas
which would remain properly unrecorded by traditional observation networks.
Such as convective storms involving lightning, hail or flash flood inducing heavy
precipitation.

Until the last decade, the vast majority of European operational weather radars
were single polarisation radars. While having the spatial and temporal resolution
required for severe weather studies, they are limited by various weaknesses
inherent to single polarisation radars. Introducing the vertical polarisation in
addition to the horizontal in the dual-polarisation weather radars has opened up
the potential to improve quantitative precipitation estimation and discriminate
between various hydrometeor types more accurately. A number of benefits of the
polarimetric radars have not been put into everyday use largely because the
operational use of these radars has been relatively short to validate the algorithms
properly.

This thesis demonstrates that using an extended dataset of operational dual-
polarisation weather radar data enhances our knowledge of various hazardous
weather phenomena and thereby helps to increase the quality of the diagnosis and
nowcasting even further. It is shown that the accuracy of the quantitative pre-
cipitation estimation can be increased by combining specific differential phase
and horizontal reflectivity. This radar product improves especially heavy precipi-
tation estimation and thus is also used to derive intensity-duration-frequency
curves of short accumulation period of 1-hour.

While convective storms are common phenomena in Estonia in the summer
period that cause damage in the region each year, they had never been studied
systematically using radar data before. In this work a severe convective storm is
defined, and the climatology of those is constructed based on nine years of radar
data in conjunction with reanalysis model data and lightning detector data. In
addition to heavy rain, convective storms can include lightning and hail. In order
to find the best indicator for cloud-to-ground lightning activity, four years of radar
data are examined. Proxy hail data from polarimetric hydrometeor classification
product are compared to the legacy radar-derived indicator probability of hail to
establish a link between the two.
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1 INTRODUCTION

1.1 Weather radar in hazardous weather
phenomena research

Severe weather impacts society and economics in all parts of the globe. According
to insurance statistics, nearly 90% of the world's natural disasters are weather-
related, and more specifically, the most significant losses are caused by storms,
floods, heat waves and wildfires (Vajda et al., 2014). Hazardous weather pheno-
mena are very climate-specific, different parts of the world are exposed to various
phenomena. Also, the effect of equal-intensity phenomena can vary depending
on the region of its occurrence. There are several ways to classify hazardous
weather phenomena. Generally, it depends on risk perception and frequency of
occurrence. In the example of the USA, it has been shown that the more frequent
tornadoes are in some regions, the lower the casualty counts tend to be (Doswell,
2015). Therefore one can naturally also assume the opposite — the rarer the pheno-
mena for a specific region, the greatest the consequences. The definition of haz-
ardous weather can also vary depending on the field of interest. Even light rain
can significantly affect road transport when it falls on ground that is just slightly
below freezing point. This illustrates that the severity of weather is an ambiguous
concept influenced by the users’ requirements, among other factors such as local
climate. Arguably hazardous weather phenomena that develop quickly and can-
not be forecasted long enough in advance pose the highest risks. Current ope-
rational numerical weather models can reliably forecast synoptic-scale hazardous
weather phenomena such as heat waves, cold spells or even heavy frontal rainfall
several days up to a week ahead. Being prepared for those large-scale phenomena
is essential, and forecasting those has significantly benefitted from advances in
satellite meteorology, among other factors.

On the other hand, detecting and forecasting small-scale rapidly developing
hazardous phenomena have remained challenging. The data and methods avail-
able so far have not been able to provide information at the required spatiotem-
poral scales. In recent decades though, advances in radar meteorology — including
especially the introduction of dual-polarisation — have opened up new oppor-
tunities. Since the beginning of the usage of weather radars, severe weather like
thunderstorms, tornadoes and heavy rainfall events with accompanying floods
have prevailed in both the research and operational sides of radar meteorology
(Meischner, 2005). This can be considered natural because of the high sampling
rate of radars in both space and time, which has given it great benefits over
traditional observation networks. In the United States, it has been shown that the
introduction of the Weather Surveillance Radar-1988 Doppler (WSR-88D) has
significantly improved the short-range forecasts and warnings of severe thunder-
storms, tornadoes, and flash floods (Bieringer and Ray, 1996; Polger et al., 1994).
Nevertheless, other innovations introduced at about the same time may have also
contributed to the improved warning statistics. These include improved numerical
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weather models, lightning detectors, new meteorological satellites, wind profiler
data and crowdsourced observations (Hintz et al., 2021; Serafin and Wilson, 2000).
All of these have been established as key information sources on specific aspects
of the atmosphere.

Weather radars are primarily designed for detecting precipitation and associated
meteorological phenomena. They function by emitting pulses of electromagnetic
energy and detecting the echo returned from scattering objects. The target's location
is determined by the delay time the signal travels to and back from the target. The
received power estimates a target’s reflectivity, mainly known by its link to the
precipitation intensity (Meischner, 2005). By using more advanced techniques, it
is possible to deduce even more information about the scattering objects. Doppler
phase shift enables to determine velocity and direction of movement of the targets.
Radar polarimetry allows the particles' size, shape and orientation to be derived
(e.g. Bringi and Chandrasekar, 2001; Kumjian, 2013). Severe weather phenomena
often develop rapidly and occur in limited spatial dimensions, making weather
radar a unique tool in research and operational usage. While weather radar is an
excellent source of data, it is also a very demanding and sophisticated instrument.
Only well-implemented knowledge-based processing can result in exploiting its
true potential. This is a multi-step course including the correct maintenance and
calibration of the radar hardware, applying suitable filtering, processing of the
data with appropriate methods taking into account local climatology, among other
factors, and finally integrating with various other atmospheric data sources
depending on the purpose of usage.

1.2 Motivation and aims of the thesis

Many severe weather phenomena are related to precipitation — e.g. convective
storms with accompanying lightning, hail and flash floods. There is strengthened
evidence since the previous IPCC assessment report AR5 (IPCC, 2014) that the
global water cycle will continue to intensify as global temperatures rise and pre-
cipitation is projected to become more variable over most land regions within
seasons and from year to year. At the global scale, extreme daily precipitation
events are projected to intensify by about 7% for each 1 °C global warming until
the year 2100 (IPCC, 2021). According to the latest IPCC report (AR6), there is
an observed increase in heavy precipitation in Northern Europe, the only region
in the world where the confidence in human contribution to the observed change
is high (IPCC, 2021). Precipitation amounts are projected to increase even more
in the future over high latitudes. Depending on the simulated temperature increase
from 1.5 °C to 4 °C, it is going to be up to 20% wetter in Estonia in the next
80 years (IPCC, 2021).

In order to improve the forecasts of any length and type, the source data needs
to be reliable. Uncertainties of quantitative precipitation estimations among various
datasets (e.g. radar, satellite, rain gauge) can vary highly in different regions,
especially in high-intensity events (Fallah et al., 2020; Li et al., 2020; Ukkola
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et al., 2020). All of the above clearly indicates the relevance of further increasing
our knowledge of the water cycle processes and being better prepared for the
consequences of climate change. Increasing the detection and nowcast accuracy
of high-intensity events like convective storms, extreme precipitation, hail, and
lightning is of the highest importance.

This thesis is devoted to the hazardous summertime weather phenomena in
Estonia. Most of these phenomena are related to convective storms, which have
not been studied systematically in Estonia before. Therefore a convective storm
definition is proposed in Paper III using weather radar and atmospheric model
data. Based on this, a convective storm climatology is presented. One of the most
common threats with convective storms is intense precipitation. Paper II pre-
sents the comparison of three quantitative precipitation estimation (QPE) methods.
A combined approach using both polarimetric and single polarisation data is shown
to increase the accuracy based on 5 years of data. In Paper 1V, intensity-duration-
frequency (IDF) curves are derived using the combined QPE approach, and
extreme precipitation statistics are provided. In Paper I, several radar-based
products are studied to determine the best indicators for cloud-to-ground (CG)
lightning activity and hail. All four papers benefit from the use of long-term radar
datasets. This ensures the robustness of the results, which would be lacking if
only selected cases were used. The results of this thesis are aimed to be valuable
input for operational use through implementation in the development of now-
casting systems in weather service but also for policymakers and in water mana-
gement, among other fields.

To summarise, the objectives of this thesis are:

1. Define a severe convective storm for Estonia and provide a convective storm
climatology.

2. Improve radar QPE accuracy by using polarimetric data.

3. Advance our understanding of the extreme precipitation climatology in Estonia
and compute IDF curves.

4. Define the best radar-based estimators for lightning and hail onset in convec-
tive storms.

1.3 Theses

The main scientific contribution of the thesis relates to polarimetric radar data
implementation and verification for radar QPE and convective storm analysis using
long-term datasets. Specifically, the thesis provides the following new con-
clusions for the Estonian domain:

e Convective storms were identified with an automated method and analysed
regarding synoptic scale conditions. The prevailing airflow direction in the
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summer was found to be SW and W, however the highest probability for a
severe convective storm is when the airflow is from SE (62%) or S (60%) [I1I].

From May to September, the probability of a severe convective storm day for
the whole area is 45%, and a thunderstorm day is 54%. In 100 km?* grid boxes,
the probability varies from 1% (2 days per year) in the West Estonian archi-
pelago up to 5% (8 days per year) in continental Estonia [III].

Above 35 dBZ, nearly 1/3 of the storm areas include lightning, and % include
hail [I].

Convective storm cloud height (echo top with a threshold value of 20 dBZ) is
the best estimator for lightning activity [I].

The QPE product, which combines Kpp and Zy, is proposed, and it is shown
that it outperforms either of those separately when compared to rain gauges.
In terms of RMSE, it exceeds R(Zx) by 33% and R(Kpp) by 69% on average
over accumulation lengths from 1 h to 1 month [II].

The correlation between radar QPE and rain gauges improves with increasing
accumulation length from 1 hour to 1 month. The scatter of radar QPE is high
in short accumulation lengths due to both systematic and random errors [II].

High-quality polarimetric radar QPE allows accurate extreme precipitation
analysis and estimation of return periods multiple times longer than the under-
lying data [IV].
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2. METHODS

Estonia is located on the eastern coast of the Baltic Sea between 57.5° N and
59.5° N. According to the K&ppen climate classification, Estonia belongs to the
humid continental climate region, which is generally found between latitudes
30° N and 60° N. In Europe, it covers the central to eastern parts of the continent
and southern parts of Scandinavia. The mean annual precipitation amount in
Estonia varies from 550 mm in the coastal areas and islands to 750 mm on the
windward slopes of the uplands. Precipitation climatology has distinguishable
seasonality, the wettest period is summer (mean precipitation over Estonia
215 mm), followed by autumn (198 mm), winter (128 mm), and spring (108 mm),
based on the data from 1957-2009 (Tammets and Jaagus, 2013).

In Estonia, hazardous weather phenomena can occur in all seasons, but the
most damaging phenomena commonly occur in summer. Most of those are asso-
ciated with convective storms — heavy (short-term) precipitation, lightning, hail,
high winds (downbursts and gust fronts) and relatively rarely also tornadoes
(2-3 per year (Kiitsak, 2020)). Other main weather risks actual in the region are
blizzards, extreme cold, extreme heat, freezing rain, and drought (Avotniece,
2010; Tammets et al., 2012).

2.1 Detecting convective storms

A convective storm needs several environmental conditions to be met in order to
form. It needs high humidity in the boundary layer, nonlocal conditional insta-
bility, strong wind shear and a trigger mechanism to cause the lifting of atmo-
spheric boundary-layer air. Numerical weather models can forecast these ingredi-
ents sufficiently on a broad scale. Based on these data, forecasters commonly
issue warnings over large areas, such as on a country basis, on daily timescales.
In Europe, these kinds of warnings provided by National Meteorological Services
(NMS) are combined and presented on one website by Meteoalarm
(https://meteoalarm.org), which is an initiative by EUMETNET, the European
National Meteorological Services Network within the World Meteorological
Organization (WMO) (Stepek et al., 2012). Besides that, there are also private
initiatives. For example, an unfunded, informal group of meteorologists who
developed a severe weather forecasting system in 2002 called the European
Storm Forecasting Experiment (ESTOFEX) provides daily forecasts of severe
weather with considerable skill based on a scientific forecasting approach
(Brooks et al., 2011). In order to contribute to the awareness of convective storms,
advance scientific understanding, and foster cooperation within Europe, the
European Severe Storms Laboratory (ESSL) initiative has been run since 2006
(Groenemeijer et al., 2017).

Most individual convective storms have a lifespan from a few tens of minutes
up to 1 hour and have an area of up to just tens of square kilometres (Kyznarova
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and Novak, 2009). This makes it challenging to observe them in real-time or
forecast them in advance. Numerical weather models with convective-scale grid
spacings of 1-5 km have started to become operational, however the capabilities
of those are still limited (Yano et al., 2018). The relatively small size and rapid
temporal evolution set specific requirements for the instrumentation needed to
study those storms. The temporal and spatial resolution of the measurements has
to be high enough to capture different lifecycle phases of the storms, and the
measurements should describe various properties of the storm. Ground-based
weather stations can provide very accurate temperature, precipitation and wind
data, but they are of little use if the storm passes by the station. Thus additional
measurement sources are needed to characterise convective storms properly.
Nowadays, atmospheric remote sensing instruments have enabled us to make
more accurate observations of storms. In addition to providing the required
spatiotemporal resolution for these purposes, they can cover large areas, allowing
simultaneous data acquisition from multiple convective storms. In this thesis,
measurements mostly from weather radar and lightning location systems are
applied and studied.

Convective storms are generally detected using the reflectivity data from
weather radars, which is related to the part of the storm that includes precipitation
(Browning et al., 2007; Goudenhoofdt and Delobbe, 2013; Peter et al., 2015).
Moreover, it has been demonstrated that Doppler weather radar provides accurate
updraft and downdraft (Figure 1a and 1b) estimations comparable to a wind pro-
filer while fully capturing the storm's three-dimensional structure (Collis et al.,
2013). Doppler radar allows showing a localised area of increased convergence
immediately preceding rapid storm growth (Wilson and Schreiber, 1986).
Characteristic wind profiles have been identified for idealised conceptual models
of single-cell, multicell, and supercell convective storms by, e.g. Chisholm and
Renick (1972). They found that the structure of those storms was determined
mainly by the wind profile of the environment. Weaker and mostly short-lived
single-cell storms formed when there was little wind shear. On the other hand,
severe (supercell) storm environments were characterised by strong shear. Never-
theless, Doppler wind data from radars is rarely used in operational automatic
detection of the convective storms due to low added value compared to the comp-
lexity of the integration (e.g. limited useful range due to earth curvature and scan
strategy). However, radar wind data has become an integral part of automated
tornado detection (Davies-Jones et al., 2020; Durage et al., 2013).

Convective environments favourable for storm development can be retrieved
from numerical model data. Convective available potential energy (CAPE) is
commonly used as a measure of the degree of instability (Ducrocq et al., 1998).
CAPE shows the maximum buoyancy of an undiluted air parcel and is related to
the potential updraft strength of thunderstorms. It has to be kept in mind, though,
that CAPE can give only an estimate of the strength of a thunderstorm if one
forms. It is an essential prerequisite but not a sole or sufficient factor to consider.
A triggering process is also needed for a thunderstorm to form. Often even in
locations with large CAPE, no thunderstorms form. Still, if thunderstorms are
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triggered, larger CAPE denotes higher instability, stronger updrafts and generally
more severe thunderstorms (Stull, 2016).

Another challenge is to define what it means for convective storms to be
severe. For example, in the United States, a convective storm is considered severe
when it produces one or more of the following phenomena at the surface:
1) a tornado, 2) hailstones with a diameter > 2.5 cm, or 3) nontornadic wind gusts
> 25 m/s (Brooks et al., 2019). Heavy precipitation is also a criterion in many
countries worldwide, but the threshold varies. The thresholds and definitions are
often based on a statistical analysis of storm-related measurements and obser-
vations. Studies about convective storms have been lacking in Estonia, and the
definition of a severe convective storm was missing.

tower
z rain &
f downdraft
> X
- - tropopause
(b)
virga
z cloud
base
arc cloud—— Qarc cloud
st front Y= Y gust front
precipitation > X
y
A
(c)
gust front
at surface
> X

Figure 1. Convective storm in its mature stage. Adapted from Stull (2016).
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In order to detect convective storms in an automated and systematic way, also
considering the potential operational usage of the method, one has to choose the
means to define such storms carefully. Paper III proposes a severe convective
storm definition based on radar, lightning detectors, and numerical weather model
data. Lightning data is used to verify the thresholds but not in the definition itself.
Typically reflectivity thresholds in the range of 30—45 dBZ are applied in reflec-
tivity-based convective storm tracking algorithms (Goudenhoofdt and Delobbe,
2013; Rossi et al., 2014; Seroka et al., 2012). In this thesis 35 dBZ threshold is
used for convective cell detection. This is relatively low and thus allows us to
monitor convective storms since relatively early phases of the convective system
lifecycle. On the other hand, such a low threshold means that also stratiform cells
might be included. In order to eliminate non-convective cells, the detected areas
were filtered with an increased reflectivity threshold and included CAPE. After
testing with various CAPE and reflectivity combinations and comparing the results
with CG lightning activity, the following thresholds were chosen for a severe
convective storm:

> 51 dBZ reflectivity,
>80 J/kg CAPE.

In order to put the reflectivity values into the perspective of rainfall intensity, the
convective cell’s lower limit, 35 dBZ, translates to about 4.8 mm/h and the thre-
shold for a severe convective storm, 51 dBZ, equals to about 56 mm/h.

2.2 Precipitation measurements in Estonia

The most frequent severe convective storm risk in most parts of the world where
convection is a regular phenomenon is heavy rainfall and associated flooding.
The basis for all precipitation-related applications and risk management are
accurate and homogeneous long-term measurements with high spatiotemporal
resolution. In Estonia, precipitation measurements have significantly evolved in
the last 70 years. This progress has brought along multiple changes in instrumen-
tation, making obtaining reliable and homogeneous precipitation climatology a
complicated task. From 1950 to 2003, traditional manual measurements of pre-
cipitation two or four times per day were made using the Tretyakov gauges (Alber
et al., 2015). Pluviographs were used in parallel during this period at many sta-
tions to record precipitation at a higher temporal resolution of 10 minutes
(Tammets and Jakovleva, 2001). The network was updated to automatic tipping-
bucket rain gauges from 2003 to 2006. Then starting from 2006, the tipping-
bucket gauges were progressively replaced by weighted gauges by the end of
2011. In a comparative study by Alber et al. (2015), it was found that the data from
weighted gauges have much higher quality than tipping-bucket gauges. From
2003 to 2011, the data were recorded at 1 h interval. Since 2011 the recording
interval has been 10 minutes, but only 1 h data have been quality-controlled by
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Estonian Environment Agency (ESTEA) staff. Only 1 h interval gauge data from
2011 and onwards have been used in this thesis to ensure the homogeneity and
quality of the measurements. At the time of writing this thesis, there were around
45 OTT Pluvio® weighing precipitation gauges (Nemeth, 2008) distributed over
the land area of 45 000 km? in Estonia. This means, on average, 1 gauge per
1000 km?. Compared to many other European countries, the network density is
low. For example, in Belgium, the network is about 8 times denser as there is
1 gauge per 135 km? (Goudenhoofdt and Delobbe, 2009). In Germany, each
gauge represents roughly 150 km? and in the UK, around 180 km? (Lengfeld
et al., 2020). Precipitation stations can be classified according to the WMO stan-
dards into 5 classes, of which 1 denotes the highest quality (flat horizontal land,
surrounded by open area, no uncertainty caused by the surroundings) and 5 the
worst (£100% uncertainty) (“Siting Classification | World Meteorological
Organization,” n.d.). Of the total 45 stations in Estonia, 18 belong to the WMO
class 1, 8 belong to class 2, 6 to class 3, 2 to class 4, and the rest are unclassified.
Weather radar measurements have complemented the Estonian precipitation
monitoring network since 1975, when the country's first weather radar, MRL-2,
was installed in Harku (Kallis et al., 2019). This was replaced by the new Doppler
weather radar Gematronic Meteor 500C in 2000. The first currently running
modern C-band dual-polarimetric Doppler weather radar, Vaisala WRM?200, has
been operating in Siirgavere since May 2008 and in Harku since October 2009.
Weather radar provides unrivalled spatiotemporal information about precipitation
up to several hundred kilometres from the radar site, but it cannot replace tradi-
tional gauge measurements due to methodological differences. Radar measures
precipitation indirectly and several hundred meters up to several kilometres from
the ground level (where gauges are located). It also incorporates several uncer-
tainties originating from various sources, which need to be considered before
using the data for QPE. Challenges in the northern European radars include beam
blocking, scan strategy, ground and sea clutter, anomalous propagation clutter,
gauge adjustment, vertical reflectivity profile (bright band effect), beam over-
shooting, attenuation by precipitation, overhanging precipitation (Saltikoff et al.,
2010). Some of those are inherent to radar-based measurements due to the nature
of the measuring technology, but many of them can be addressed using dual-polari-
metric data. In Estonia, several filters have been applied to the radar data before it
is used in any products. At the signal processor level, speckle and clutter-to-signal
ratio filtering is applied. A Doppler filter is used to remove residual non-meteoro-
logical fixed clutter. A polarimetric hydrometeor classification-based filter is
employed to eliminate non-meteorological targets (Chandrasekar et al., 2013).
The radar scan strategy in Estonia from 2008 to 2020 was based on volume
scans with 15-minute intervals (Table 1). While a sufficient number of elevation
angles were scanned, the strategy was lacking in repeat time. Low scan intervals
did not allow storm tracking and very short-term accumulations. This led to the
need for a new scanning strategy, which has been operational since the 18" of May
2020 (Table 2). Since then, full-volume scans have been run every 5 minutes,
with the lowest angle repeated every 2.5 minutes. Since the update, the files are
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being saved in a sweep-by-sweep manner (each elevation angle as a separate file)
instead of all sweeps in one file, which enables even more rapid product gene-
ration. All the main scan settings except some filtering are identical and synchro-
nised for both radars, Harku and Siirgavere. This thesis uses only 15-minute
interval data from Siirgavere radar to remain uniform.

Table 1. Operational task parameters of Estonian radars from 2008-2020.

Task purpose (type) Precipitation (PPI) Doppler wind (PPI)
Elevation angle (°) 0.5/1.5/3/5/7/9/11/15 0.5/1.5/2.5/4/5.5/7/9/11/25
Pulse width (us) 2 1

PRF (Hz) 570 750/1000

Range (km) 250 130

Output bins 833 866

Bin spacing (km) 0.3 0.15

Samples 42 46

Vinax (M/s) 7.6 40.0

Repeated (min) 15 15

Table 2. Operational task parameters of Estonian radars since 18.05.2020. Zpr birdbath
calibration scan is also run every 15 minutes.

Task purpose (type) Precipitation (PPI) Doppler wind (PPI) Croz}sus;f:)tlon
Elevation angle (°) | 0.5/1.3/2/3/4.5/6.5/9/0.5 | 0.5/2/5/(10/15/25/45) 0-60
Pulse width (us) lor2 0.8 1

PRF (Hz) 570 or 990 900/1200 990
Range (km) 249.9 or 149.9 124 120
Output range bins 833 or 500 620 400

Bin spacing (km) 0.3 0.2 0.3
Samples 32 32 32

Vinax (/) 7.60r13.2 48.0 13.2

In order to evaluate and fine-tune radar QPEs, a high-quality gauge network is
crucial as a source of reference. Adjusting the radar QPEs with gauge values has
become common practice in several countries, and various methods of merging
have been developed (Goudenhoofdt and Delobbe, 2009; McKee and Binns,
2016). Recently even a pan-European gauge-adjusted radar precipitation dataset
has been produced (Overeem et al., 2022). In Estonia mean field bias method for
gauge-radar merging was tested during a project study (Post et al., 2020).
Although the results were mixed, a promising framework for future implemen-
tation with more advanced adjustment methods and dual-pol data was founded.
In this thesis, gauge adjustment is not applied as the focus is solely on comparing
various radar products.
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2.3 Quantitative precipitation estimation
using dual-pol radar

2.3.1 QPE from horizontal reflectivity (ZH)

The classic way to estimate precipitation intensity with a single polarisation
weather radar has been through the use of empirical Z-R relationship based on
raindrop size distribution in the form of

z = ARP (1)

where R is the rainfall rate (mm/h), z is the radar reflectivity factor (mm®m?),
and A and b are empirical constants (Rinehart, 1991). More than one hundred Z-
R relationships are determined for a specific time, place, and precipitation type.
The most commonly used is the one by Marshall and Palmer (Marshall, 1948),
where the constants A = 200 and b = 1.6. In papers II and 1V, the following
relation by (Joss et al., 1970) was used:

z = 300R'® ()

This relation is chosen to remain equivalent in comparisons in papers Il and IV
to Italy where it is used (Tiranti et al., 2021) and it is very close also to the one
used for rain in Finland (Saltikoff et al., 2015).

It is widely known that QPE based on the horizontal reflectivity of C-band radar
is greatly affected by the attenuation of the electromagnetic wave in heavy rain
or a wet radome, hail contamination, partial beam blockage and radar absolute
calibration (Krajewski et al., 2010; Tabary, 2007). Dual-polarisation technology
acquires additional information about the targets through the transmission and
reception of horizontally and vertically polarised electromagnetic waves. In ope-
rational weather radars, differential propagation phase @hbp, specific differential
phase Kpp, differential reflectivity Zpr and the copolar correlation coefficient pyy,
supply extra information that helps alleviate some issues with horizontal reflec-
tivity-based QPEs.

Differential propagation phase @by is the relative phase between horizontal
and vertical channels. The speed of propagation of the electromagnetic wave is
affected by the refractive index of the medium in which it travels. Larger rain-
drops are more oblate (longer on the horizontal axis than the vertical axis) than
small drops. This makes a volume filled with raindrops to have a larger refractive
index for horizontally polarised waves than for the vertically polarised one. This
causes a slight relative propagation delay for horizontally polarised waves. This
leads to a phase difference between horizontal and vertical at low elevation angles.
@br is measured in degrees, and it accumulates along the radar beam. The range

derivative of @hp is known as the specific differential phase Kpp. It shows the
change of phase in degrees per unit distance:
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Kpp = 22222 [o/km] 3)

1 . . .
where the term > accounts for phase shift occurring on the way to the radar bin and
back.

The copolar correlation coefficient is a statistical correlation between the ref-
lected horizontal (Sp;) and vertical (S,,,,) power returns and is defined as

_ (Swsi*lh)
PRV = ((sz1/2(52,)172) “)

The magnitude of pyy is related to the diversity of particle shapes, orientations,
and phase states. It is close to 1 in pure rain and generally over 0.9 in precipitation,
while it can be from 0.7 to 0.95 in the melting layer (Bringi and Chandrasekar,
2001).

Differential reflectivity Zpp is the ratio of power received in horizontal versus
vertical channel:

z
Zpr = 1010910%[‘””] (5)

The larger horizontal axis of raindrops causes the power measured at horizontal
polarisation to be larger than the power measured at vertical polarisation. Thus
Zpr 1s generally larger than 1 in the rain.

All radar reflectivity-based applications are subject to Zy calibration correct-
ness. Both Estonian radars are calibrated per manufacturer instructions once a
year with an external signal generator. Still, a bias might be in effect after cali-
bration using this method. In papers II, III and IV, horizontal reflectivity was
recalibrated using an approach that makes use of the knowledge that Zy, Zpr, and
Kpp are self-consistent with one another, and one can be determined from two of
the others. This calibration method is known as self-consistency theory and is
explained in detail by (Gorgucci et al., 1992, 1999) and Gourley et al. (2009).
The method fundamentally compares the observed differential propagation phase

product (¢ZI;S) to a theoretical differential propagation phase product (¢;};)

calculated from Zy and Zpg. This calibration method requires strict restrictions
on the used data discussed in detail in paper II.

2.3.2 QPE from specific differential phase (Kop)

Several studies have shown that QPE retrieved from Kpp outperforms that of Zy,
especially in heavy rain and is not affected by radar absolute calibration, atte-
nuation or partial beam blockage (Cifelli et al., 2011; Krajewski et al., 2010).
However, this field of usage sets high requirements for K accuracy. As the Kjp
in raw data of Estonian radars was found to be of uneven quality, it needed to be
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recalculated. For this purpose, the open-source Python ARM Radar Toolkit (Py-
ART) was used (Helmus and Collis, 2016). Although the function was available
in the toolkit, it needed to be thoroughly tested and fine-tuned as part of the work
to obtain results with sufficient quality. The goal to estimate Kpp with high
accuracy has proven to be a challenge that has been approached by multiple
researchers (Giangrande et al., 2013; Lang et al., 2007; Maesaka et al., 2012;
Ryzhkov et al., 2005; Schneebeli et al., 2013; Vulpiani et al., 2012). In the last
decade, a number of Kjp retrieval algorithms have become accessible through
open-source software such as Py-ART or Wradlib (Heistermann et al., 2013).
While most open-source algorithms are deeply flexible and allow changing various
tuning parameters, the implications of changing these parameters often remain
unclear. Reimel and Kumjian (2021) were the first to thoroughly compare multiple
open-source Kpp retrieval algorithms with a focus on the effect of the tuning
parameters. They found out that the phase proc_lp linear programming algorithm
(Giangrande et al., 2013) provided in Py-ART was one of the best performers of
the seven algorithms they compared as it exhibited the highest versatility. It
allowed the production of consistently accurate results in areas with steep Kpp
gradients and large Kp magnitudes and also in places where Kpp gradients were
gentler.

The function phase proc lp in Py-ART was used in papers 1l and IV, and it is
extensively described in Giangrande et al. (2013). This function offers 12 dif-
ferent user configurable parameters within the Py-ART implementation. Some of
the most important of those are:

e Freezing level height (‘fz1’) — this enables us to define the height in meters at
which the 0°C level is located. Any @bp values above this level are not pro-

cessed because the Jrp monotonicity constraint is not applicable in the mixed
phase. The default value is 4000 m.

e Minimum Zy threshold (‘low_z’) — Low limit for reflectivity in dBZ. Any
value below this threshold is set to this limit. The default is set to 10 dBZ.

e Maximum Zy threshold (‘high z’) — High limit for reflectivity in dBZ. Any
value above this threshold is set to this limit. This is meant to serve as a cap
on Zy, ensuring that self-consistency between Kpp and Zy is not contaminated
by hail. The default value is 53 dBZ.

e Weight of radar self-consistency (‘self const’) — This determines how much
weight the relationship between Zy and Kpp has in the final solution. The
default value is 60 000.

e Self-consistency coefficient (‘coef”) — It determines the amount of constraint
Zy has on Kpp. The default value is 0.914.

e Window length (‘window_len”) — The length of the Sobel window (number of
gates used in the filter window) applied to the @by field before calculating the
final Kj,p profile. The default value is set to 35.
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In papers II and IV, many of those parameters were changed after careful testing
with various datasets. The following function in Py-ART was used in paper II to
obtain KDP (parameters not written in the function arguments were left with their
default values):

pyart.correct.phase_proc_Ip(radar, self const=12000.0, low z=0.0,
high z=53.0, LP_solver='cylp_mp', proc=135).

In order to calculate the rainfall rate from the recalculated Kpp, the following
relationship by Leinonen et al. (2012) was used:

R = 21.0KJ7%° (6)

Paper II investigates long-term datasets with the aim of obtaining high-quality
QPE. Three QPE methods were compared, firstly R(Zy) using Eq. (1), secondly
R(Kpp) using Eq. (6), and thirdly a combined product R(Zy, Kpp). The purpose
of the third product, R(Zy, Kpp), was to exploit both Z and Kpp strengths and
avoid their shortcomings. Zy-based QPE is shown to be less accurate in heavy
precipitation, while Kpp, on the other hand, is noisy in light rainfall (Kumjian,
2013). After testing with various thresholds, the best compromise was found to
be such that in the combined method R(Zy, Kpp), the R(Zy) was used when
reflectivity was less than or equal to 25 dBZ and R(Kpp) otherwise.

Extreme precipitation analysis sets even stricter data quality restrictions than
long-term accumulation, where some errors are averaged out. Using the
phase proc_lp function with the parameters from paper Il for deriving annual 1-
hour rainfall maxima led to unrealistically high precipitation amounts and over-
smoothed precipitation fields. Therefore the Kjp retrieval algorithm needed to be
revised for paper IV. After testing with various values of some of the key para-
meters supported by the findings in Reimel and Kumjian (2021), the function was
finally defined as follows:

pyart.correct.phase proc_Ilp(radar, self const = 12000.0, low z=0.0,
high z=50.0, fzI=3500, LP_solver="cylp_mp', proc=12, window _len=38,
coef=0.9).

Notably, the processing window length was reduced from the default 35 to 8, and
the self-consistency coefficient from the default 0.914 to 0.9. The decreased
window length resulted in increased spatial resolution of the rainfall fields. This
was especially beneficial to record small and intense convective rain areas in high
quality. Reducing the self-consistency coefficient and the maximum Zy limit
removed the overestimation in high rainfall rate areas contaminated by hail. The
same R(Zy, Kpp) method from paper II with a 25 dBZ threshold was also used
for paper IV.
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In addition to the parameters set in the phase proc Ip function, the data was
additionally limited to a 70 km radius from the radar location. Data from the 1%
of May until the 30™ of September was used. These limitations were set to ensure
that radar data originated mainly from liquid precipitation. Five years of radar
and rain gauge data from 2011-2018 were used (data from 2014, 2015 and 2017
were excluded due to radar data quality issues) in accumulation analysis.

2.4 Estimation of extreme precipitation and
return periods from radar data

In case of heavy rainfall, the precipitation accumulates at a rate which exceeds a
criterion specific to the corresponding geographic area. This threshold varies
significantly across the globe. In Estonia, multiple definitions of heavy rainfall
have been used, from descriptive to specific numeric values. Typically, heavy
rainfall has been described as intense rainfall during which water cannot infiltrate
into the soil (Tammets et al., 2012). The numeric equivalent used for that has
been precipitation of 1 mm or more per 1 minute. Current official thresholds of
heavy precipitation used by the Estonian Environment Agency are divided into
three classes based on the threat level:

e Level 1 (dangerous): >25 mm/12 h or >20 mm/1h
e Level 2 (very dangerous): >50 mm/12h or >30 mm/1h

e Level 3 (extremely dangerous): >70 mm/12h or >50 mm/1h

None of those is based on a systematic statistical analysis of return periods but is
subjectively chosen based on historical data, experience and consultation with
neighbouring countries NMS’s. Precipitation extremes have commonly been
analysed in Estonia in relatively long accumulation periods starting from daily to
yearly. Only recently, Olsson et al. (2022) analysed sub-daily rainfall extremes
in the Nordic-Baltic region, including data from several rain gauge locations in
Estonia. One of the reasons behind the scarcity of short-duration extreme pre-
cipitation studies is the lack of high temporal resolution data. Daily maximums
have been available from some stations already since 1889, but there is no
quality-controlled database of hourly or shorter-period maxima. Nevertheless, it
is well known that very intense rainfall does not last very long in Estonia while
still causing considerable damage to infrastructure and causing economic losses.
Usually, the length of a downpour is no more than 1 hour, and the intensity is
highly variable in space and time (Tammets et al., 2012). Considering Estonia's
relatively sparse gauge network, many intense rainfall cases have not been
recorded in the meteorological database. Even in countries covered by dense
gauge networks, most convective storms pass by the gauges. In Germany, only
17.3% of hourly heavy precipitation events (=25 mm) from 2001 to 2018 were
recorded by the gauge network, while nearly 82% of the daily events (=90 mm)
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were captured by the gauges (Lengfeld et al., 2020). Considering that the gauge
network in Estonia is nearly 7 times more sparse, then even lower detection effi-
ciency can be expected.

To account for future extremes, engineering design standards are required to
adapt to climate change. For a long time, hydrologists and engineers have used
return periods and intensity-duration-frequency (IDF) curves to establish such
design standards (Martel et al., 2021; Yan et al., 2020). A typical application for
such information is the design of city drainage systems (Tamm et al., 2023). To
answer a question, for example, can the current drainage systems cope with a rain-
fall event that occurs, on average, once every 50 years (i.e. the 50 years return
level)? Return periods for specific precipitation amounts are estimated by
extreme value theory (EVT) (Coles et al., 2001).

Paper IV demonstrates that thanks to the high spatial resolution, even a limited
radar time series of 5 years can be used to successfully obtain IDF curves for the
climatologically homogeneous area. The basic idea of the utilised method is that
the values from the radar annual maxima field can be used as a one long time
series if the maxima are statistically independent and are located in the same
climatologically homogeneous area. Based on the analysis by Olsson et al.
(2022), we can expect a uniform precipitation regime in our study area that is
limited to a 70 km range from the radar and includes only continental parts of
Estonia. The historical use of statistics of extremes in hydrological and climato-
logical applications dates back to the first half of the 20™ century (Gumbel, 1941).
Already then, the inherent problem of the statistical estimation of the precipitation
return periods was stated that one has to remember when working with such data.
It states, in principle, that to apply any theory, we have to suppose that the data
are homogeneous, meaning that no systematic change of climate has occurred
during the observation period and no such changes will happen in the period for
which extrapolations are made (Gumbel, 1941). Because the intensification of the
hydrologic cycle, including the increase in the intensity of extreme precipitation
events, is anticipated as part of global climate change, this sets limits to this
methodology (Tabari, 2020). To mitigate this issue, trends in hydrologic extremes
should be incorporated into extreme value analyses. In this thesis, a more straight-
forward approach has been used in which trends are not considered because the
study period needs to be longer for trend estimation.

In paper 1V, generalised extreme value distribution (GEV) is used with the
method of maximum likelihood (MLE) to estimate the GEV distribution para-
meters from sample data (Katz et al., 2002). Random samples of annual maxima
are expected to be distributed as the GEV cumulative distribution function F(z)
(Coles et al., 2001):

F(Ryy < z) =exp {— [1 +¢& (%)]_?1} @)

where Rq,is the random variable of annual maximum rainfall accumulation of
one hour and the parameters u, o and & represent the location, scale, and shape
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of the distribution function, respectively. In this work, Gumbel distribution
(¢ = 0) is assumed for annual rainfall maxima, which is also supported by the
findings in Olsson et al. (2022).

Deriving return periods longer than the rainfall record in our study area is justified
by assuming constant GEV distribution parameters (Overeem et al., 2010).
Nevertheless, the spatial correlation of measurements has to be considered as well
because it affects extreme value statistics, causing underestimation (Overeem
et al., 2009). In order to mitigate the effect on the extreme value statistics, the
measurements should be uncorrelated. Typically for convective precipitation, the
area of intense rainfall is in the order of 10 — 100 km?. Since there is about 1 rain
gauge per 1000 km? in Estonia, the spatial correlation for gauge measurements is
not an issue. Radar data, on the other hand, has a much higher spatial resolution.
Depending on the distance from the radar, the resolution of the raw radar data
ranges from 0.05 km? to 1.3 km? (1° x 300 m). Therefore, the correlation between
the grid points must be determined and accounted for by resampling the radar
data. Semi-variogram analysis is commonly used in geostatistical sciences to
estimate precipitation spatial structure (Liu et al., 2018; Phillips et al., 1992;
Touma et al., 2018). It is possible to obtain a semi-variogram by taking half the
average of the squared difference between data pairs at equal distances and by
assuming stationarity and isotropy of the rainfall field (Cressie, 1993):

Y(h) = g Sin @+ h) = 2(6))? ®)

where x}, is the location of cell barycentre k and x;, + h is the location at distance
h from location xj.

Semi-variograms reveal the spatial relations in the data and determine within
what range data are spatially autocorrelated (Aalto et al., 2013).

100 5
NE 50 A {
£ :
[} |
(%] 1
c |
8 201 i
5 !
2 |

§ 1 —— 2019

] | —— 2020

0 10 20 30 40

Distance (km)

Figure 2. Empirical variogram for hourly rainfall annual maxima based on R(Zy Kpp) in
Estonia. Adapted from paper I'V.
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Semi-variograms were obtained from annual hourly R(Zy, Kpp) rainfall maxima
from 5 years from May to September in paper IV. The results indicated that
hourly rainfall maxima decorrelate at about 10 km (Figure 2). This agrees with
the typical spatial scale of convective precipitation systems. Thus, the annual
hourly rainfall maxima needed to be resampled to the determined spatial scale to
avoid statistical oversampling and ensure statistically independent data points.
Finally, 93 annual hourly maxima data points from rain gauges and 800 data
points from weather radar were used. Then based on these datasets, the statistical
analysis and return period estimation was made using the R package ExtRemes
2.1 (Gilleland and Katz, 2016). Annual hourly maxima were derived from the
dataset consisting of five years of radar data (2012-2013 and 2018-2020) and ten
years of gauge data (2011-2020).

2.5 Estimating lightning and hail from radar data

The electricity of convective storms is strongly related to the convective cell’s
vertical extent and the updraft's intensity. Many studies have shown that a con-
vective storm becomes electrically active after the ice phase develops (Carey and
Rutledge, 1996; Goodman et al., 1988; Workman and Reynolds, 1949). Graupel
or hail particles collide with small ice crystals in the turbulent airflow in the
convective cloud. These collisions cause the transfer of electric charges between
the particles and result in a positively charged cloud top and a negatively charged
lower part. Lightning happens when the strength of the charge overpowers the
insulating properties of the atmosphere (Dwyer and Uman, 2014).

The oldest systematic records of thunderstorm activity are human obser-
vations made at weather stations. The long data series dating back over 100 years
at numerous sites is the main advantage of human observations. Otherwise, there
are many limitations and disadvantages related to human observations, such as
subjectivity and spatiotemporal representativeness. Human observations of light-
ning have nowadays been primarily superseded by remote sensing, which allows
the collection of continuous near real-time data over large areas with high spatio-
temporal resolution. Remote sensing of lightning using lightning detectors is
based on detecting electromagnetic waves generated by lightning. Lightning
detector networks operate in various frequency bands, determining the maximum
range, detection efficiency and accuracy. Nordic Lightning Information System
(NORDLIS) CG lightning data was used in this work. NORDLIS network con-
sists of about 40 sensors located in Denmark, Estonia, Finland, Latvia, Lithuania,
Norway and Sweden. For Finland, it has been found that the first stroke detection
efficiency for CG lightning is about 95% (Tuomi and Mikel4, 2007). The location
error of detected CG lightning for most of Estonia and its surrounding areas is
between 200-500 m. Lightning detector networks are an accurate source of mo-
mentary point measurements indicating the locations of individual strokes. How-
ever, they cannot be used to predict where and when lightning might happen. This
is where weather radar data, with its gradual nature, can provide additional value.
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With weather radar, it is possible to see which cells are growing quickly and
approaching the properties required for lightning. It has been shown that the
occurrence of the high rate and density of CG flashes is related to the period of
the rapid increase in radar echo top height (ET) (Stolzenburg, 1994).

The detection of hail is a more significant challenge than that of lightning. The
most extended datasets are also human observations, but they are even more
spatiotemporally limited than the ones of lightning. A human can hear lightning
up to a distance of 25 km, but hail has to fall in the vicinity of a few hundred meters
to be observed (Enno et al., 2013). Moreover, unlike lightning, it is impossible to
detect hail directly with any remote sensing instrument. Due to these reasons, the
datasets used in hail studies often originate from multiple sources — insurance
claims, newspaper reports and, in some cases, hailpad networks (Punge and Kunz,
2016). In recent years, crowdsourcing has also become an important origin (Barras
et al., 2019). In the case of this work, none of those was available in the required
quality for the Estonian domain. Therefore, we used the proxy data of the hail
class from radar hydrometeor classification, which uses dual polarimetry.

Stirgavere radar data from 2011-2014 were used to study lightning and hail
estimation products. Only the warm season was considered (May-September),
when most of the convective storms occur. Firstly convective precipitation areas
were distinguished from the lowest elevation PPI using a 35 dBZ threshold, and
then several attributes were calculated for each cell. Altogether 16 attributes (also
counting various ET-s) were calculated for each identified cell:

e Maximum reflectivity, which indicates the maximum base level PPI ref-
lectivity in the storm cell area

e Maximum ET height, defined as the maximum height of a given reflectivity
value (0—45 dBZ in 5 dBZ steps) in the storm cell area

e Storm cell area: area of a detected polygon with reflectivity exceeding 35 dBZ

e Maximum lightning activity within the storm cell (flash/km?) based on a
1 x 1 km lightning intensity grid generated by counting the CG flashes in a
10 km radius from the grid point centre over 15 min, starting 7.5 min before
the nominal scan time

e Hail top height which indicates the hydrometeor classification hail maximum
height in the cell

e Graupel top height: the same as hail top height but for graupel

e Probability of hail (POH) in the cell, POH = 0.319 + 0.1334H, where 4H is
the 45 dBZ ET difference from the freezing level (Holleman, 2001; Waldvogel
et al., 1979). It has been commonly used in operational service, e.g. in Bel-
gium, Finland and The Netherlands (Delobbe and Holleman, 2006, 2003;
Saltikoff et al., 2010). In this work freezing level height was acquired from
the atmospheric sounding data measured once per day in ESTEA Harku station.
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Maximum lightning activity was used only for the general overview of the storms.
In order to find out the potential of each storm cell attribute to indicate
lightning or hail, the cells were divided into four types:

e Storms with lightning activity
e Storms without lightning activity
e Storms with hail

e Storms without hail

Then based on this classification, the following events were identified:

a) Success, if the classification correctly indicated lightning/hail activity

b) False alarm, if the classification incorrectly indicated lightning/hail activity
c¢) Failure, if the cell had lightning/hail, but the classification did not show it

d) Correct negative if the cell did not have lightning/hail and the classification

did not show it.

Based on these recorded events, five traditional verification scores were calcu-
lated: the probability of detection (POD), false alarm ratio (FAR), critical success
index (CSI), equitable threat score (ETS), and Heidke skill score (HSS) (Wilks,
2011).
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3 RESULTS AND DISCUSSION

3.1 Convective storms in Estonia 2010-2019

A convective storm is a widespread summertime phenomenon in Estonia.
According to the analysis of 9 years summer periods (May, June, July, August,
September) in paper III, convective precipitation (reflectivity over 35 dBZ)
occurs in 76% of the days in the study area, severe convective storms in 45% of
the days and CG lightning flashes in 54% of the days. These results can be
compared to the only similar work done in the region by Punkka and Bister
(2005). Their study area matched the Finnish weather radar network coverage of
the time and consisted of 7 radars that partially covered Estonia. They found that
based on the years 2000 and 2001, the fraction of days with convective pre-
cipitation (40 dBZ) was 88%, and the fraction of heavy convective precipitation
(50 dBZ) was 61%. The higher frequency of occurrence of convective storms
found in their study primarily relates to the larger study area of their work. This
kind of statistics is undoubtedly somewhat arbitrary. If we extended the study
region, the frequency would eventually reach 100%. However, these percentages
are helpful for weather forecasters.

The diurnal cycles of convective activity in the Estonian domain are illustrated
in Figure 3. It can be seen that all three datasets have a pronounced maximum in
the afternoon around 12—13 UTC (15-16 local time). Initial convective cells are
more evenly distributed because of the relatively low detection threshold of
35 dBZ (Figure 3a). Severe convective storm cells distribution correlates better
with lightning data (Figures 3a and 3b). The difference is lower relative frequency
outside the afternoon maximum compared to CG lightning. This can be related
to the merging of the storm areas, which reduces the number of detected cells
while lightning activity continues or even increases in the remaining cells.
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Figure 3. (a) Diurnal cycles of the initial convective cells (35 dBZ reflectivity); (b) severe
convective storms (reflectivity > 51 dBZ, CAPE > 80 J/kg); (c) CG lightning. Adapted
from paper III.

30



The spatial distribution of severe convective storms from 2010-2019 (Figure 4)
reveals that the most active area is the W and SW part of continental Estonia,
with up to 8 storm days per 100 km? grid cell per year. It can also be seen that the
storm detection efficiency depends on the range from the radar site, and it falls
noticeably in further away areas. Considerable falloff starts beyond 100 km from
the radar where the centre of the beam of the lowest elevation angle is at the
height of 1.7 km, and a single radar bin covers the area of 0.5 km” In the West
Estonian archipelago, the estimated severe convective days per year range
between 2—4 days. Lightning flash density analysis by Enno et al. (2020) using
data from 2008-2017 confirms the continental Estonia W and SW part maximum
but also shows a second maximum in the hilly SE Estonia which is already off
the best working range of the radar and thus not visible in Figure 4.

Severe convective days per year

22°E  23°E 24°E 25°E 26°E 27°E 28°E 29°E

Figure 4. Severe convective storm (reflectivity > 51 dBZ, CAPE > 80 J/kg) days per year
on 10 x 10 km grid cells. Black circles centred on the radar location have a step of 50 km.
Data from 2010-2019. Adapted from paper II1.

It is well known from climatology that the prevailing airflow directions at higher
mid-latitudes are westerlies which can be seen in Figure 5a. This also partially
explains the spatial distribution of convective storms. Figure 5a confirms that the
studied period of 2010-2019 generally represents the longer period well.
Nevertheless, compared to the 40-year reference period, the W and SW directions
are even more pronounced in our study period, with a slight increase in the
E direction. At the same time, the frequency of NW and N flows has decreased.
Expectedly, the highest number of convective storms coincide with these direc-
tions (Figure 5b). However, the highest probability for a severe convective storm
is in the case of SE or S airflow, 62% or 60%, respectively (Figure 5c).
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Figure 5. Relative frequency distributions of JCT8 MJJAS 500 hPa types in case of (a) all
days in MJJAS 1979-2019 vs 2010-2019; (b) all days in MJJAS, convective days and
severe convective days in 2010-2019; (c) probability for a severe convective day during
the corresponding JCT. Adapted from paper I11.

3.2 Precipitation accumulations

Five years of radar data based precipitation accumulations were compared with
the ones from the gauges from the period of 2011-2018. The time series analysis
of precipitation accumulation reveals that the correlation between radar QPE
products and gauge measurements fluctuates in time (Figure 6). The performance
of each QPE algorithm depends on the precipitation intensity, among other factors.
The horizontal reflectivity-based product R(Zy) can estimate rainfall accurately
in light rain, where R(Kpp) substantially overestimates the amounts. On the other
hand, in heavy precipitation (such as on the 21st of June 2016, when 51 mm of
rainfall was measured in Tartu-Toravere station in 2 h), the R(Kpp) shows good
correlation, and in these situations, the R(Zy) underestimates rainfall amounts.

250 Gauge
— R(Zy)

2001 —— R(Kpp)
— R(Zy, Kpp)

150+
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o

Rainfall accumulation [mm]

o

N 1 ‘5 6 9 2 6
&Gf &6¢ &6’ &Gf &6¢ \‘64 &Gf &6¢ ¢
207 907 907 907 907 90% 90™ 907 10
Figure 6. Rainfall cumulative accumulation in 1 h steps for June 2016, three radar data-
based QPE products compared to Tartu-Toravere station gauge data. Zy is not corrected
for attenuation. Adapted from paper II.
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The method R(Zy, Kpp), which combines the previous two products using either
one’s strengths, performs the best, especially over a long period with precipitation
events of various intensities. By the end of the 1-month accumulation period, the
R(Zy, Kpp) was the closest to the gauge result by underestimating nearly 17 mm
(8%), whereas R(Kpp) overestimated the reference value by 64 mm (31%) and
R(Zy) underestimated by 76 mm (37%). This can be further validated in more
extended data series, including more stations.

The long-term analysis included 5 years of summer (the 1 of May to the 30"
of September) data up to 70 km range of the radar and the station data from
8 gauges within that distance limit. The results indicate that the combined method
R(Zy, Kpp) outperforms both other methods on all accumulation timescales from
1 hour to 1 month. The longer the compared period, the higher the correlation is
with rain gauges. On hourly accumulations (Figure 7), the scatter is higher than
on the monthly timescale (Figure 8), partly due to the low 15-minute radar scan
interval. The random error caused by a low sampling rate is less relevant on
longer accumulation intervals than on shorter ones.

1h accumulation
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Figure 7. Hourly accumulations for Estonia, 5 years from 2011-2018. Adapted from
paper II.

Monthly accumulation
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Figure 8. Monthly accumulations for Estonia, 5 years from 2011-2018. Adapted from
paper II.

When all accumulation lengths are considered, the R(Zy, Kpp) performs the best
in almost all verification scores (Table 3). It has the highest Pearson’s correlation
coefficient (r) of 0.800, Nash-Sutcliffe efficiency (NSE) of 0.354 and lowest
normalised mean absolute error (NMAE) of 0.415. A slight overestimation is
indicated by the normalised mean bias (NMB) value of 0.250, while for R(Zy), it
is —0.159, and for R(Kpp), 1.731. All the verification scores improve for every
QPE method with increasing accumulation length (except for root mean square
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error (RMSE) because longer accumulation lengths naturally bring along higher
absolute error). The mean RMSE for R(Zy, Kpp) is 7.458 mm, for R(Zy)
11.143 mm, and for R(Kpp) 23.931 mm.

Table 3. Mean verification scores of 1-hour, 24-hour and monthly accumulations from
5 years of data 2011-2018.

RZy) | RKpp) | RZu.Kop)
r 0.796 0.752 0.800
NMAE 0.457 0.845 0.415
NMB -0.159 1.731 0.250
RMSE (mm) 11.143 23.931 7.458
NSE 0.235 -0.353 0.354

3.3 Extreme precipitation analysis and return periods

IDF curves have been developed before in many studies from horizontal reflec-
tivity (Marra et al., 2017; Marra and Morin, 2015; Overeem et al., 2010; Saltikoff
et al., 2019). In paper 1V, for the first time, the return intensities from dual-pola-
risation weather radar are developed from five years of data. The data are derived
from operational radar without any dedicated settings and QPEs are obtained
without any rain gauges adjustment. Figure 9 shows the return intensities for
hourly rainfall at a given return time. The general agreement between gauges and
radar R(Zy, Kpp) QPE is good, with gauges estimating generally smaller return
intensities on all return periods. The return intensities of R(Zy, Kpp) are 14—-19%
higher than the return intensities of gauges. The uncertainty of the estimates in-
creases in higher intensities, especially for gauge-based values. The different
sample sizes determine this: the dataset derived from five years of radar mea-
surements contains 800 values, while the sample size obtained by rain gauges is
about nine times smaller. Return intensities based on R(Zy) are underestimated
compared to R(Zy, Kpp) being potentially caused by several weaknesses of the
R(Zy) like attenuation in heavy rainfall, partial beam-filling, inappropriate drop
size distribution assumed in the Z-R relationship and clutter. Furthermore, the
unrealistically large scale parameter and a low statistical significance of the fit
indicate low reliability of the return intensities based on R(Zy).

The differences between gauges and radar can stem from multiform factors —
in addition to different measurement locations, and representative area radar pro-
vides temporal snapshots of the rainfall and, thus, contrary to the gauges, does
not provide temporal integrals. Extreme precipitation tends to be highly variable
in space and time, resulting in different effects on radar and gauge data. All these
factors affect the distributional properties, and the proper quantification of these
effects is complicated.
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The radar QPE-based return levels shown in Figure 9 can be compared to the
official precipitation warning thresholds used by the Estonian Environment
Agency to estimate how often each threshold might be exceeded in the territory
of Estonia:

e Level 1 (20 mm/1h) — once per 2 years
e Level 2 (30 mm/1h) — once per 10 years

e Level 3 (50 mm/1h) — once per more than 100 years.
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Figure 9. Return intensities of 1-hour rainfall based on R(Zy, Kpp), R(Zy) and rain
gauges. The dashed lines denote confidence intervals for o = 0.05. Adapted from paper IV.

These results are likely valid for any point in continental Estonia. At the same
time, the return intensities for coastal areas and islands are expected to be lower
due to lower precipitation amounts in these regions. Because of the distance
limitation of the radar QPE, current weather radar network coverage does not
allow quantifying these expectations. More radar sites with high-quality long-
term datasets are required to apply these methods in all Estonian areas. This study
is also limited to a warm period since R(Kpp) works reliably only in liquid water.
Nevertheless, this is not an issue because only 1-hour accumulation maxima are
considered here, and it has been shown that these occur in the region only in the
summer from June to September (Olsson et al., 2022). Regardless of the limited
availability of the radar time series of just five years, the results are in good agree-
ment with studies from the same region using more extended datasets of only
gauge data (Olsson et al., 2022). This encourages further studies using the same
methodology with shorter accumulation lengths in the future when the high tem-
poral resolution dataset of sufficient length becomes available.
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3.4 Lightning and hail

Lightning and hail in convective storms were studied based on 4 years of data.
A total of 123 360 individual convective cells were derived using a 35 dBZ thre-
shold. Of these cells, 33.9% included lightning, and 25.9% included hail. These
percentages could be considered the prior probabilities of these phenomena using
the set reflectivity threshold. The performance and added value of the storm cell
attributes to detect lightning onset can be analysed based on the comparison of
skill scores shown in Figure 10.

For lightning estimation, echo tops showed the best results. Hail and graupel
height skill scores showed uneven performance and did not outscore the best echo
tops in any category. ET15 and ET20 have the highest CSI value of 0.39. ET20
and ET25 are the best in terms of HSS (0.26 and 0.27, respectively) and ETS
(0.15 and 0.16). When comparing the POD scores, it can be seen that the higher
the ET threshold, the lower the POD. One of the reasons behind this is partly the
convective cell definition of 35 dBZ which means that a number of storms do not
have reflectivities exceeding higher values. The good distinction between lightning
and non-lightning storm areas of echo top products is also visible from the histo-
grams in Figure 11. Especially ET20 has distinctive distributions for both types
of storms. Generally, the differences between several echo top attributes maxi-
mum CSI, HSS and ETS are small, and therefore it depends on the user's prefe-
rences for which characteristics to prioritise. ET15, ET20 and ET25 were all very
similar among those skill scores. If the priority were low FAR, ET25 would be
most suitable. However, if high POD were the most important, ET15 would be
preferable. Therefore ET20 could be considered the optimal choice as its scores
are in the middle.

Hail from the polarimetric hydrometeor classification was compared with
maximum reflectivity and probability of hail (POH) from the 35 dBZ convective
storm cells. The skill scores for the maximum reflectivity as hail estimator reach
maximum values just below 50 dBZ with HSS around 0.6, FAR around 0.3 and
POD around 0.8 (Figure 12a). Somewhat unexpectedly, POH scores were lower
and reached their maximum already at a POH value of 0.2, where HSS and FAR
were around 0.48 and POD around 0.8 (Figure 12b). From the equation used to
calculate the POH values, it appears that to obtain POH > 0, the reflectivity needs
to exceed 45 dBZ, and the height difference 4H needs to be greater than —2.4 km.
As seen from the histogram in Figure 13a, hail can occur in cells with maximum
reflectivity starting from 40 dBZ, which already decreases the detection effi-
ciency of the POH algorithm. It has been found that POH might be too restrictive
in identifying hail areas by a study comparing it to hail reports, suggesting that
using a lower reflectivity threshold in the algorithm should be considered (Barras
et al., 2019). The required height difference could also need to be revised for
Estonian data because of climatological differences. Therefore, although based
on our study of these two hail estimators, maximum reflectivity of 50 dBZ is the
best, additional testing and tuning of the POH parameters could increase the
performance of this algorithm in Estonia as well.
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Figure 10. Skill scores (CSI — critical success index, HSS — Heidke skill score, ETS —
equitable threat score, FAR — false alarm rato, POD — the probability of detection) as a
function of classification threshold for ET0-ET45, hail altitude and graupel altitude as
cloud-to-ground lightning indicators. Adapted from paper 1.
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Figure 12. Skill scores (CSI — critical success index, HSS — Heidke skill score, ETS —
equitable threat score, FAR — false alarm rato, POD — the probability of detection) as a
function of classification threshold for (a) maximum reflectivity and (b) probability of
hail (POH) as hydrometeor classification algorithm hail indicators. Adapted from paper I

(a) Maximum radar reflectivity (c) Maximum probability of hail
.y = Hail 57000 L
8000 N — No hail
4000
+ 6000
S + 3000
0 c
o 4000 é 2000
2000 1000
0 0
35 45 55 65 0.00 0.25 0.50 0.75 1.00
Cell maximum reflectivity (dBZ) Probability

Figure 13. Histograms of (a) cell maximum reflectivity and (b) probability of hail divided
into classes of storms with hydrometeor classification algorithm hail (®3) and without
hail(w4). Adapted from paper I.
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4 CONCLUSIONS AND OUTLOOK

This thesis shows that using dual-polarisation weather radar can increase the
accuracy of estimating severe summertime weather phenomena. One of the most
important advantages over the related works in the field is the usage of long-term
dual-polarisation radar datasets on which all the data processing algorithms are
applied. This helps to obtain robust and reliable results and conclusions. Another
practical aspect of this thesis is the usage of data from operational sources and
the application of open-source software and algorithms, which ensures a straight-
forward introduction of the results to operational services and future research.

The radar QPE-related parts of this thesis focused on retrieving the high
quality of dual-polarimetric variables and producing long-term precipitation
accumulations based comparisons with horizontal reflectivity with minimal addi-
tional filtering and adjustment. Three radar QPE products were compared to rain
gauge data over the period of 5 years’ warm seasons in paper II. The QPE product,
which combines horizontal reflectivity with specific differential phase, showed
the best correlation with rain gauge data (Pearson’s correlation coefficient of
0.800). This combined product utilised the benefits of each individual method
and was therefore accurate in both low and high precipitation cases. These QPE
products were used further in paper IV, where short-duration extreme precipi-
tation accumulations of 1-hour maxima were analysed. This paper also high-
lighted the importance of data quality since even a few erroneous data points can
infest extreme value statistics. This led to the need to improve the Kpp retrieval
algorithm parameters in paper [V compared to paper II. The resulting IDF curves
demonstrated that polarimetric radar QPE is suitable for extreme precipitation
applications. Even from 5 years of radar data, return intensities can be found for
up to 100 years, considering the increasing uncertainty. Prerequisite for this being
homogeneous precipitation climatology in the region. These findings can be used
in hydrological applications and help put the current precipitation warning levels
in Estonia into the perspective of occurrence frequency.

Convective storms that include heavy rainfall and other hazardous phenomena,
such as lightning and hail, were studied using an automated detection method in
papers I and III. Severe convective storm definition (=51 dBZ reflectivity and
>80 J/kg CAPE) is proposed in paper III after analysis of various reflectivity
levels and NWP model outputs. Significantly, this study, based on 9 years of data,
indicates that the highest probability of a severe convective storm is in the case
of SE (62%) and S (60%) airflow. In contrast, the most common airflow direction
during the period was expectedly from W and SW. Although there is a severe con-
vective storm somewhere in Estonia in almost half of the days (45%) from May
to September, and CG lightning is even more frequent (54% of those days), some
regions stand out. The most active area in these terms is central continental Estonia,
especially W and SW parts (up to 8 storm days per year in a 100 km? grid box).
In contrast, the least storms occur in the West Estonian archipelago (2 storm days
per year in a 100 km* grid box). Areas further than 100 km from the radar location
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stand out in general by fewer detected storms referring to poor radar coverage. In
order to find the best radar-based parameter for lightning and hail onset, the thre-
shold for convective storm area was defined as 35 dBZ in paper 1. The threshold
was chosen low enough to include also weaker storms. Of these areas, 33.9%
included lightning and 25.9% hail. These values can then be considered the prior
probabilities of either phenomenon if the reflectivity exceeds 35 dBZ. From the
total of 16 different parameters, the best CG lightning indicator was found to be
20 dBZ echo top height and for hail maximum reflectivity.

Most of the results of this thesis have great practical value and could be put into
operational use in convective storm detection and nowcasting systems. Never-
theless, there are ways to further improve on the findings of this thesis in the future.
Regarding radar QPE, the combined method R(Zy, Kpp) could be optimised first
by finding a more appropriate threshold based on longer reference period and fine-
tuning Kpp retrieval method. Precipitation accumulation datasets could be devel-
oped further by additional filtering (e.g. by statistical filters and satellite data),
and also by gauge adjustment methods like local mean-field bias (Overeem et al.,
2022). Several filtering and adjustment methods are available for free in open-
source radar data processing software packages such as py-ART or wradlib
(Heistermann et al., 2013; Helmus and Collis, 2016). The convective storm anal-
ysis could be further developed by introducing cell tracking, enabled by more
frequent scanning of up to 2.5 minutes of the lowest level PPI or 5 minutes of full
volume scans available from May 2020. The high sampling frequency also
enables obtaining reliable return periods of accumulation lengths of less than 1 h.
In order to provide high accuracy of those solutions in the whole country, the
instrumentation network also needs development. In the current thesis, the radar
QPE study area was limited to 70 km from the radar location to obtain data from
liquid phase precipitation. Although there are a total of two operational weather
radars currently in Estonia, even if we used both, still large areas would remain
uncovered. This implies that at least 3 additional radars are needed to cover at
least 90% of the land. Sub-hourly precipitation accumulation analysis would
benefit also from higher sampling rate of the rain gauge data than the current
10 minute interval to remain comparable with the 5 minute (or 2.5 minute for the
lowest elevation) interval of radar scans. In order to perform valid bias adjustment,
a sufficient amount of rain gauges are also needed. It has been shown that at least
10-20 gauges are required for that in the 70 km radius from the radar site
(Thorndahl et al., 2014). In the current study area there were 8 gauges available
in the 70 km radius and there are regions with even more sparse placement of
gauges. Therefore the number of gauge measurement sites needs to increase as
well.
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SUMMARY IN ESTONIAN

Kaksikpolarimeetrilise ilmaradari pikaajaline andmestik
aitab tuvastada ja luhiennustada konvektiivseid torme,
tugevaid sademeid, aikest ja rahet

Kliimasoojenemisega seoses muutuvad sagedasemaks ja tugevamaks ka sade-
metega seotud ohtlikud ilmastikundhtused, mis kujutavad endast itha kasvavat
riski kogu maailmas. Radariandmete eecliseid on juba tdestatud eelkdige véikese-
mootmeliste ja kiirelt arenevate ndhtuste puhul, mis jadksid markamatuks tradit-
siooniliste vaatlusjaamade poolt. Sellised ndhtused on néiteks konvektiivsed
tormid, millega omakorda kaasnevad tugevad vihmavalingud, dike ja rahe. Seni
on nende uurimiseks kasutatud valdavalt horisontaalse polarisatsiooniga radareid
ja lihikesi aegridu. Kaksikpolarimeetrilistel radaritel on eelmise polvkonna ees
mitmeid potentsiaalseid eeliseid, nagu néditeks tdpsem sajukoguste ja sademe-
likkide hindamine. Selleks, et neid eeliseid kasutada, on vaja piisavalt pikki
andmeridasid algoritmide valideerimiseks. Kuigi Eestis on iihed Euroopa piki-
mad sellist tiitipi operatiivsete radarite aecgread, puudusid vastavasisulised uurin-
gud. Kédesoleva t66 eesmirkideks on

1. Defineerida ldahtuvalt radariandmetest Eesti tingimustes konvektiivne torm ja
leida konvektiivsete tormide klimatoloogia;

2. Taiustada radaril pohinevat kvantitatiivset sajuhinnangut kasutades kaksik-
polarimeetrilisi andmeid;

3. Téiendada Eesti ekstreemsademete klimatoloogiat ja arvutada lithiajaliste
tugevate sadude korduvusperioodid;

4. Leida parimad radariandmetel pohinevad dikest ja rahet detekteerivad para-
meetrid.

Kasutades konvektiivsete sajualade eristamiseks Siirgavere radari peegelduvust
ja konvektiivsete keskkonnatingimuste tuvastamiseks atmosfairi jérelanaliiiisi
mudelandmete konvektiivset kittesaadavat energiat CAPE (Convective Available
Potential Energy), defineeriti konvektiivne torm kui ala, kus peegelduvus
>51 dBZ ja CAPE >80 J/kg. Aastate 2010-2019 (v.a. 2017) andmete pdhjal leiti,
et koige suurem konvektiivse tormi esinemise tdendosus on, kui Shuvool on
kagust (62%) voi Idunast (60%). Uuritud perioodil vahemikus mai algusest kuni
septembri 10puni méérati konvektiivne torm kusagil Eesti territooriumil peaaegu
pooltel pédevadel (45%), pilv-maa vilkudega pédevad olid veel sagedasemad
(54%). Enim esines torme Mandri-Eesti 1d4ne- ja edelaosas (kuni 8 tormipédeva
aastas 100 km? vorguruudu kohta) ja vihim Liine-Eesti saarestikus (2 tormi-
pieva 100 km? kohta). Aladel, mis jiid radari asukohast kaugemale kui 100 km,
detekteeriti iildiselt viahem torme ka radarile iseloomuliku kauguse suurenedes
lisanduva madalama tipsuse tottu.

49



Radariandmetel pdhinevad kvantitatiivsed sajuhinnangud arvutati kolme eri-
nevat meetodit kasutades viie aasta suveperioodi (mai algusest septembri 15puni)
andmete pohjal. Sademete akumulatsioonid arvutati 1 tunni, 66péeva ja kuu sam-
muga. Koikide perioodide keskmisena oli jaamades modddetud sajukogustega
vorreldes kdige tipsem horisontaalset peegelduvust ja spetsiifilist diferentsiaalset
faasi kombineeriv meetod (Pearsoni korrelatsioonikoefitsient 0,800, normali-
seeritud keskmine kdorvalekalle 0,250). Horisontaalsel peegelduvusel pShinev
meetod alahindas sajukoguseid (normaliseeritud keskmine korvalekalle —0,159),
eriti tugevamate sadude korral ja ainult spetsiifilist diferentsiaalset faasi kasutav
meetod jdllegi tilehindas tugevalt (1,731), eriti just vdiksemate sajukoguste puhul.
Samu meetodeid rakendati ka ekstreemsademete klimatoloogia arvutustes, kus
esmalt leiti 1 tunni sademete akumulatsiooni aastamaksimumid ja nende pohjal
teatud intensiivsusega sademete esinemise korduvusperioodid. Kuna see seadis
kdrgemad ndudmised andmete kvaliteedile, oli vaja spetsiifilise diferentsiaalse
faasi arvutusmeetodit parendada. Tulemused kinnitasid, et ka liihiajaliste
ekstreemsademete puhul on kdige tipsem kombineeritud meetod (horisontaalne
peegelduvus ja spetsiifiline diferentsiaalne faas) ja vaid 5 aasta radariandmete
pohjal on vdimalik leida korduvusperioode kuni 100 aasta kohta eeldusel, et sade-
mete klimatoloogia on kogu piirkonnas samasugune. Saadud tulemusi saab kasu-
tada hiidroloogilistes rakendustes ja need aitavad panna Eestis kasutatavad tuge-
vate sademete hoiatuskriteeriumid esinemissageduse perspektiivi.

Selleks, et leida dikest ja rahet detekteerivad parimad parameetrid, kasutati
4 aasta andmeid vahemikust 2011-2014 ja méérati esmalt konvektiivsed saju-
alad, kasutades 35 dBZ radari peegelduvuse piiri. Seatud piirméér valiti piisavalt
madal, et hdlmata ka ndrgemaid torme. Leitud aladest 33,9% sisaldas pilv-maa
valgulooke ja 25,9% rahet. Neid véirtuseid voib pidada ka nende nihtuste esi-
nemise toendosuseks, kui peegelduvuse viartus iletab 35 dBZ. Kokku vorreldi
16 erinevat radariandmetel pdhinevat parameetrit ja leiti, et parim pilv-maa vélgu
indikaator oli 20 dBZ peegelduvuse korgus ja rahe detekteerimiseks oli parim
sajuala maksimaalne peegelduvus.

Doktoritd6 tulemused niitavad, et pikaajalist operatiivse kaksikpolarimeetri-
lise radari andmestikku kasutades on vdimalik tdsta suviste ohtlike ilmastiku-
néhtuste midramise tépsust ja hinnata hiidroloogilisi riske. T60 tulemustel on
suur praktiline vairtus ja neid saab votta operatiivsesse kasutusse konvektiivsete
tormide detekteerimiseks ja lithiennustuste koostamiseks. Samuti on kiesolev t60
oluliseks aluseks radarmeteoroloogia-alastele edasistele toddele Eestis.
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