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Abstract: Wet snow events in Hungary can occasionally cause damage to overhead power lines
and serious power supply failures. Return period calculation of such high snow mass events was
determined upon a 50-year long data series available at 12 meteorological stations. Wet snow masses
were estimated with a model of cylindrical accretion around wire of 3.1 cm diameter. Trends in the
return periods and ice classes (according to the ISO 12494 standard) were assessed from division of
the dataset into two periods (1965–1990 and 1991–2016). Ice classes in the range of R2 to R5 (mass of
0.7–6.1 kg m−1) were identified. The wet snow risk decreased in southern or central Hungary, while
an increase was found in the western part of Hungary. Ice classes R6–R8 (up to 40 kg m−1) could
occur in mountain areas of Hungary as indicated by numerical simulations in case studies. However,
their return period is unknown due to the lack of long observation series.

Keywords: wet snow; accretion masses; extreme value analysis; POT method; ALADIN; numerical
models; return period

1. Introduction

Wet snow occurs at both middle and higher latitudes, as an annual phenomenon. On
exposed objects, especially on overhead power lines, cylindrical accumulation of snow
can be significant and can cause extensive damage to transmission line networks. For
decades, diversified scientific examinations have been conducted to study the appearance
and formation [1–5], the possibility and reliability of its prediction [6–9] and to develop
prevention methods [10–12]. The formation of wet snow crystals needs special atmospheric
conditions. The dry snowflakes, while falling pass through a layer with a slightly positive
temperature, partially melt, so liquid water (optimally 10–15%) appears among the crystal
branches. Due to the liquid water content, snowflakes can strongly adhere to objects reach-
ing critical masses for damages. In the accumulation phase, the height of the 0 ◦C isotherm,
the moisture content of both the air and the snowflakes, furthermore the wind conditions
experienced during snowfall hold decisive importance. Based on the study of Somfalvi-
Tóth [13] the optimal vertical stratification for wet snow formation is a 300–400 m thick,
slightly positive (maximum + 2 ◦C) layer near the ground under a negative temperature
layer, which is also demonstrated by a narrow interval of lapse rate (3–4 ◦C km−1). The
850/1000 hPa relative topography also moves in a narrow range (1292–1307 gpm) during
wet snow events. The relative humidity of the air is mostly between 90–95%. Besides
these components, wind speed is also an important factor. If the wind speed is initially
weak (below 5 m s−1), the accumulation starts at the top of the transmission lines, almost
perpendicular to its longitudinal axis. If the wind speed does not exceed 5 m s−1, the
rotation of the wire around its axis is not able to start due to the weak compressive force of

the wind (
−−→
Fwind ) . If the wind speed exceeds 5 m s−1, the snowflakes accumulate on the
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wire at the spatial angle of their collision [14]. If there are irregular peaks in the pressure of
the wind (e.g., turbulence), which is accompanied by an insufficiently high adhesion force

(
−→
Fa) between the wire and the snow layer, the accumulated snow sleeve may collapse from

the overhead line.
Measurements of the accumulated wet snow mass require specific equipments and

measuring devices (e.g., to consider the rotation of wire and obtain cylindrical accretion
in windy situations) and are typically installed at observatories and sites with frequent
occurrence of this phenomenon [15,16]. Sometimes, direct measurements are provided from
samples of snow accreted on damaged overhead power lines. Such information is usually
sparse and can occur at a site, where measurements of other meteorological parameters
are not available. Thus, even in case of major wet snow-related damage, wet snow mass
or other meteorological parameters can be sometimes only estimated upon photographs,
results of accretion models, numerical analyses and forecasts [3].

In Hungary, occurrence of wet snow was registered from 1966 to 2014 at meteorological
stations using icing measurement rods (ice metres). However, it was usually considered that
it only rarely causes major damage to the high-voltage electric power lines and it was only
marginally mentioned in meteorological publications [17]. The first severe wet snow event,
which was studied in detail, using station measurements and numerical models, appeared
in southwestern Hungary on 27–28 January 2009 [7]. Other events accompanied with
damages were reported also in later years, in 2013 and 2016 [9,18]. Direct measurements
were available only for a few situations, indicating that in case of damaged overhead lines
at least 4–5 kg m−1 of snow was accreted [19].

An extreme event with high precipitation (up to 80 mm in 48 h measured at certain
stations) and wet snow accumulation on electric power lines occurred on 19–20 April
2017, mainly in the mountain region in the North of Hungary and close to the capital of
Hungary—Budapest (Figure 1a,b).
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Another example of an event constrained mainly to hilly or mountain area was re-
ported on 12–13 April 2021 in northwestern Hungary. 

Current research of wet snow extremes in Hungary has been evolving along two 
branches (Figure 2). The first one was a climatological examination of wet snow including 
the frequency of occurrence, the maximum accretion of wet snow on wires (kg m−1) based 
on the observations of basic meteorological parameters of 12 synoptic stations possessing 
50-year long dataset. Furthermore, the 50-year and 100-year return periods of wet snow 

Figure 1. Photographs of wet snow accreted on power lines and poles (a) at Bükkszentkereszt on
20 April 2017 (courtesy of István Erdődi), the diameter of accreted snow sleeve was estimated between
7 and 8 cm, (b) near Budapest János-hegy on 19 April 2017 (photo by André Simon).

Another example of an event constrained mainly to hilly or mountain area was
reported on 12–13 April 2021 in northwestern Hungary.

Current research of wet snow extremes in Hungary has been evolving along two
branches (Figure 2). The first one was a climatological examination of wet snow including
the frequency of occurrence, the maximum accretion of wet snow on wires (kg m−1) based
on the observations of basic meteorological parameters of 12 synoptic stations possessing
50-year long dataset. Furthermore, the 50-year and 100-year return periods of wet snow
accretion on overhead transmission lines was estimated. It was the first study of this kind
in Hungary and its aim was to specify extreme mass values and ice categories possibly
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occurring at the examined sites and to identify tendencies of wet snow severity during the
recent years/decades. The second branch concerned Numerical Weather Prediction (NWP)
simulations with the ALADIN model (Aire Limitée Adaptation Dynamique Développement
InterNational) [20,21]. NWP outputs provided us with further information about the
magnitude of snow mass accumulation in severe wet snow events as the return period
calculation only marginally described conditions in mountain terrain of Hungary. Thus, the
two above-mentioned cases from the years 2017 and 2021 are presented here in more detail.
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2 m temperature, 10 m wind and precipitation amount, respectively.

As NWP forecasts exhibit both systematic and random errors, the magnitude of the
model forecast error of wet snow mass was estimated. There was no direct informa-
tion from field measurements, hence the reference data were obtained from wet snow
parameterization and station measurements of variables (2 m temperature, 10 m wind
speed, precipitation) provided on input. Impact of other factors on the mass calculation
(e.g., correction of precipitation undercatch, wet snow density estimation) was also studied.

This paper is divided into six main sections. The next Section (number 2) is devoted to
data and methods and it is divided into four subsections. The Section 2.1. presents the input
station observations, their locations and metadata. The Section 2.2. explains the method
of wet snow parameterization, which was common for both return period calculation and
NWP simulation. The Section 2.3. describes the method of extreme value analysis and
return period calculation. Section 2.4. gives overview of the Numerical Weather Prediction
(NWP) models utilized and some details about the model forecast error analysis (Figure 2).

Sections 3 and 4 present results of the 50-year and 100-year return period calculation
and show the two wet snow cases with more details on spatial distribution of mass in
mountain regions of Hungary (Figure 2).

Discussion of results, impacts and uncertainties in the wet snow mass and return
period calculation can be found in Section 5. Conclusions are given in Section 6.

2. Materials and Methods
2.1. Input Data for Calculating the 50- and 100-Year Return Periods of Wet Snow Mass

We used 50 years of data from 12 meteorological stations in Hungary to study the
return periods of wet snow events. We selected stations, where visual observations were
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available from 1 January 1965 to 31 December 2016. These stations are Békéscsaba, Budapest-
Pestszentlőrinc, Debrecen, Győr, Miskolc, Pápa, Pécs, Siófok, Szeged, Szolnok, Szombat-
hely (Table 1).

Table 1. Metadata of meteorological stations in Hungary. Height above the sea level (a.s.l) is displayed
in meters.

Station Name Label Latitude Longitude Height a.s.l. [m]

Békéscsaba 1 46.7 21.1 89
Budapest-Pestszentlőrinc 2 47.4 19.3 139
Debrecen 3 47.5 21.6 121
Győr 4 47.6 17.6 108
Kékestető 5 47.9 20.0 1012
Miskolc 6 48.1 20.7 162
Pápa 7 47.3 17.4 200
Pécs 8 46.0 18.2 153
Siófok 9 46.9 18.1 124
Szeged 10 46.2 20.1 76
Szolnok 11 47.1 20.2 68
Szombathely 12 47.2 16.6 209

In the case of Kékestető, the existence of the entire 50-year data series was not available,
because regular observations began in 1966. The latter calculations were not affected by
this 1-year lack of data, because a 20-year data series is sufficient to calculate the 50-year
return period [22,23].

The data for extreme value analysis were obtained from the database of the Hungarian
Meteorological Service (OMSZ). The selection criteria for defining wet snow conditions
were as follows:

1. The temperature at 2 m was between −0.5 and +2 ◦C;
2. Snowfall was recorded at the time of observation (synoptic code: 70, 71, 72, 73, 74, 75);
3. End of the event: if the temperature rose above +2 ◦C and/or precipitation ceased

and no precipitation was registered for 6 h thereafter.

The needed and selected variables for calculations were 2 m temperature (◦C), pre-
cipitation amount (mm) and wind speed and hourly wind gust (m s−1). The data were
substituted into Equations (1)–(9). in order to calculate the estimated wet snow mass
(kg m−1) on the transmission lines.

The automatic weather stations (AWS) used for the case studies differed from the loca-
tions in the previous examination (most of the selected stations can be found in mountain
areas or near mountains). These stations are provided by OMSZ as well but in contrast to
the stations mentioned in Table 1, they do not contain information about the precipitation
type. The list of the main metadata of AWSs can be seen in Table 2. The geographical
locations of all weather stations are displayed in Figure 3. The A10 station (Budapest
Zugliget) was not depicted on maps due to its close proximity to Budapest János-hegy (A1)
(1.3 km distance).
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Table 2. List of AWS stations used for case studies and their a.s.l. height in meters. The A10 station
(Budapest Zugliget) is not depicted on maps due to its close proximity to Budapest János-hegy
(1.3 km distance).

Label (Figure 3) Station Station Height (m)
NWP Model Height

ALADIN/
SHMU

ALADIN/
HS1A

A1 Budapest János-hegy 516 394 446
A2 Eger 225 214 202
A3 Miskolc Szentlélek 752 724 754
A4 Nagy Hideg hegy 855 568 793
A5 Gerecse tető 620 373 584
A6 Kab-hegy 595 485 525
A7 Sümeg 195 174 176
A8 Tés 472 464 467
A9 Sülysáp 181 159 190
A10 Budapest Zugliget 421 394 405
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Figure 3. Map with positions of OMSZ synoptic weather stations used for wet snow climatology
and return period calculation (circles, numbers 1–12, see Table 1). Positions of AWS stations selected
for the wet snow case studies of 19–20 April 2017 and 12–13 April 2021 are highlighted by “plus”
symbols and denoted A1–A8 (see Table 2). Positions of observed wet snow accretion at Zirc (Z)
and Bükkszentkereszt (B) are marked with ×. Some mountains mentioned in the text (Bükk, Mátra,
Bakony, etc.) are also displayed. The background is orography (in m a.s.l.) from a subset of the
SRTM15+ database [24]. The map depicts area between 15◦ E, 45◦ N (southwestern corner) and 24◦ E,
49◦ N (northeastern corner).

Visual observations were presented with 3 h temporal resolution at the synoptic
stations until 1995/1996, but after the installation of the automatic weather stations, hourly
measurements have been available. Nikolov and Makkonen [25] examined several wet
snow calculation methods and came to the conclusion that the method also used in this
study [26] is not sensitive to the choice of time step to an extent that would significantly
modify the results.
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2.2. Parameterization of Wet Snow Accretion

The basic equations and physical processes related to all types of atmospheric icing are
described in ISO 12424 [22]. However, several methods have been developed to model the
properties of wet snow, e.g., snow density, diameter of the sleeve on wires, additional extra
masses and forces along transmission lines [3,26–28]. The method we used was described
by Admirat [26]. The following equation describes the connection between the diameter of
the snow cylinder appearing on the overhead line and its mass M (kg):

Φ
dΦ

dt
=

2
$snowπ

dM
dt

(1)

where Φ (m) is the diameter, while ρsnow (kg·m−3) is the density of the accumulating
snow. The change of the mass over time is proportional to the flux R (m3·s−1) of the snow
passing through the unit surface S (m2). If we assume that the flow is perpendicular to this
surface, then

R = c
√

u2 + w2 S (2)

where c is the mass concentration of snowflakes in the air (kg·m−3), u (m·s−1) is the
horizontal component of the wind, w (m·s−1) is the terminal velocity of snow crystals.
In practice, the mass concentration of snowflakes is not measured, so a parameterization
is required:

c =
P

3600w
(3)

where P (mm h−1) is the intensity of precipitation and w = 1.5 m·s−1 are the terminal
velocity of wet snowflakes [16]. The change of mass over time can be written as follows:

dM
dt

= βR =
βP

3600

√
1 +

u2

w2 Φ (4)

where β is the so-called sticking efficiency, which defines the ratio of the density flux of
sticking out of the hitting snow particles per unit area of the overhead lines. According to
Nygaard et al. [29], the parameterization of sticking efficiency is the following:

β =
1√
u

(5)

So the sticking efficiency of snowflakes is inversely proportional to the square root
of the horizontal wind component (u). The stronger the wind, the less efficiently the
snowflakes adhere to the wire. If the wind speed is below 1 m·s−1, then β can be considered
1. The change of the diameter of the wet snow sleeve over time [26] is

dΦ

dt
=

2K
ρsnowπ

(6)

where K =
βkP
3600

√
1 +

u2

w2 (7)

where the new factor of k in Equation (7) is the correction factor of precipitation amount
measured in a Hellmann precipitation gauge during snowfall. The higher the wind speed,
the higher the rate of missed snowflakes is due to the turbulent flow developing around the
top of the gauge, so the catch ratio (CR) will be less than 1 [30]. The CR can be calculated
by the following formula:

CR = 96.63 + 0.41 U’2 − 9.84U’ + 5.95 Ta (8)

where U’ is the wind speed measured at the height of the precipitation gauge. That is 70%
of the wind speed (m s−1) measured at a height of 10 m [31], Ta is the air temperature
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(◦C). CR is a percentage value, so the correction factor k of the precipitation amount P in
Equation (7) can be written as:

k = 100/CR (9)

In the case of modelling of wet snow accretion by using Numerical Weather Prediction
(NWP) models, the value of k can be considered 1.

The snow density (ρsnow) varies between 100 and 800 kg·m−3 [26]. However, Waka-
hama et al. [1] showed that the density of accumulated snow also depends on the intensity
of precipitation, in our calculations the constant density value of 300 kg m−3 was used.
According to studies by Deneau and Guillot [32], the density of the accreted snow cylinder
varies between 300–500 kg·m−3 in cases when the wind velocity does not exceed 8 m·s−1.
In Hungary, the average wind speed during wet snow events does not exceed 5 m·s−1 in
75% of the cases. The rate of wind speed over 10 m·s−1 is approximately 1% [13]. Therefore,
in our study the calculations were performed by using the lower limit of snow density
(300 kg·m−3), because it is inversely proportional to the accreted snow mass (Equation (6)),
so the lower the snow density, the higher the estimated snow mass on the wires which
approach covers the aim of the study, i.e., the description of climatically possible extremes
of wet snow events.

Selection of critical constants: an important step during the calculations both in
extreme value analysis and modelling by NWPs is the parameterization of the sticking
efficiency (β). For this, we examined the accumulation of wet snow calculated with the
4 parameterization methods most often recommended in the literature [28,29,33,34]. The
best estimation was achieved by Nygaard et al. [29] (Equation (5)) based on the work of
Somfalvi-Tóth [13], so this method was used also in this study, but the results of the extreme
value analysis with all of the listed methods can be found in Somfalvi-Tóth [13] in detail.

In addition, the density of the accumulated snow cylinder is also an important issue.
ISO 12424 [22] suggests 300 kg·m−3 and 500 kg·m−3. Now, the results are presented here
based on the density of 300 kg·m−3 (suggested for low or moderate wind speed), but
all calculations were also performed with 4 density values (200 kg·m−3, 300 kg·m−3 and
400 kg·m−3, 200 + 20 × U kg·m−3 (U wind speed (m·s−1), [26]) in Somfalvi-Tóth [13].

2.3. Extreme Value Analysis with the Peaks over Threshold Method

The temporal distribution of wet snow appearance is irregular, i.e., the occurrence
of the phenomenon may accumulate in certain years, which may be followed with no
formation of wet snow for several years [23]. These wet snow occurrences appear in the
data series as random outliers, so-called peaks with higher values among the mainly data of
zeros. An extreme value test, the Peaks Over Threshold (POT) method is the most suitable
for the statistical analysis of a phenomena with behavior like this [35,36]. The POT method
is for estimating the distribution of extremes above a well-chosen threshold value. The
purpose of extreme value analysis is to examine the probability of events that are outside
the scope of the observed data. The statistical analysis is based on the generalized extreme
value distribution, which can be used on datasets with sufficiently large numbers of cases
with minimum 20-year long observations [23]. The advantage of the POT method is that all
the data are involved into the determination of the threshold value.

Pareto distribution: The accurate determination of this threshold is important. The
well-determined threshold ensures that the distribution of the exceeding data follow the
generalized Pareto distribution [37]. So the distribution function of generalized Pareto
distribution can be written as the following:

H(y) = 1−
(

1 +
ξy
σ

)− 1
ξ

, ha ξ 6= 0, (10)

where y > 0 and 1 + ξy/σ > 0. The σ means the scale parameter, ξ is the shape parameter.
The location parameter (µ = 0 in this case) defines the center of the distribution, the scale
parameter (σ) determines the size of the deviation around the location parameter µ, while
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the shape parameter (ξ) influences the behavior of the tales of the distribution function. The
values of the shape parameter ξ and the scale parameter σ must be estimated in the POT
method. The log-likelihood estimation gives the best parameter estimation in the extreme
value calculations of wet snow (Nygaard et al. 2014). We suppose that n random variables
exceed the threshold xi = Yi − u, Yi > u, i = 1, . . . ., n. Then, according to Matyasovszky and
Lakatos [38] the log-likelihood function is the following:

If ξ 6= 0,

l(σ, ξ) = −k logσ−
(

1 +
1
ξ

) n

∑
i=1

log
(

1 +
ξi
σ

)
. (11)

If ξ = 0,

l(σ) = −k logσ− σ−1
n

∑
i=1

xi (12)

Then, Equation (11) or Equation (12) must be maximized according to (σ, ξ) Selection
of the threshold: a key step during the calculations is the selection of the thresholds. The
threshold value should not be too high, because then there will not be a sufficient number
of samples to perform the calculations and the variance will be large. If, on the other hand,
the threshold is low and too much data is involved into the calculation, then the bias will be
increased. The optimal threshold must be chosen by considering these limiting factors [38].
Two different methods were applied in our study to calculate the thresholds, the so-called
Mean Residual Life Plot (MRL plot) [37] and the Dispersion Index Plot [39]. Both methods
are identically able to estimate the threshold, however both of the methods were used to
ensure the appropriate determination of thresholds. During the calculations, 24 threshold
values were estimated for the 12 weather stations and for the 2 periods (1965–1990 and
1991–2016).

The MRL method is based on the estimation of the expected values of the wet snow
mass (kg m−1) with Pareto distribution. Let Y1, Y2,...,Yn be independent, identically
distributed random variables that exceed the threshold value u0 and follow the generalized
Pareto distribution with the shape parameter ξ and the scale parameter σ. [37]. Then, the
expected value can be determined as follows:

E(Y) =
σ

1− ξ
, ha ξ < 1 (13)

If the wet snow mass values (kg·m−1) above the u0 threshold follow the Pareto
distribution, then all the threshold above this u0 threshold will fulfill this condition. So the
lowest threshold must be chosen for the best estimation [37] (Figure 4a).

The other threshold selection method was the Dispersion Index Plot method, which
can be considered as a control next to the previous one. In this case, the parameters of the
generalized Pareto distribution and their stability are estimated and examined [39]. Let Y1,
Y2,...,Yn be independent random variables with a generalized Pareto distribution,and with
the parameters of shape parameter ξ0, scale parameter σ0, and location parameter µ0. Let u
be a threshold for which u > u0 is true. If we randomly select a variable Yk|Yn > u, then the
following relationships can be written

σu = σ0 + ξ0(u− u0) (14)

ξu = ξ0 (15)

σ∗ = σu − ξuu (16)

If u0 is a suitable threshold, then σ* and ξu will be constants for all u > u0, so the
asymptotic stability of the scale and shape parameters ensures constancy while u0 is
changing [39]. In practice, this means that above the optimal threshold the values of the
estimated parameters will become constants (Figure 4b).
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Figure 4. Example of the selection of threshold (a) MRL Plot and (b) Dispersion Index Plot in Pápa
between 1991–2016. The grey lines in the MRL Plot are the minimum and maximum values of the
95% confidence interval.

Goodness of fit test was achieved to prove the existence of the Pareto distribution on
values above the estimated threshold. To achieve this goal, two widely used graphical
methods were applied, the so-called Probability Plot and the Q-Q Plot.

Probability Plot: Let Y1, Y2,...,Yn, arranged in ascending order, be independent, iden-
tically distributed random variables that exceed the threshold value u0. In the case of a
sufficiently good estimation, the value of the relative frequency {i/(n + 1); i = 1, . . . , n}
and the value of the estimated parameters {H(Y(i)); i = 1, . . . , n} fall close to each other,
so depicted on a graph they fluctuate around a line in an XY diagram (Figure 5a). This is
called a Probability Plot [38].
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Pareto distribution.
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Q-Q Plot: The other approach is the quantile diagram, where—if the fitted distribution
is good—the quantiles of the estimated (model) and real (empirical) values also fall close to
each other, so these values also fluctuate around a straight line. This is called a quantile-
quantile or Q-Q Plot diagram (Figure 5b). The dashed lines in both plots indicates the 95%
confidence intervals.

Calculation of the return periods and return values: The ultimate goal of extreme
value analysis is to perform a risk assessment of the probability of occurrence of very rare
events, and to calculate the possible maximum (minimum) values for a given period (10,
20, 50, 100 years). In our work we calculated the 50- and 100-year return values of the
wet snow mass (kg·m−1) accreted as an extra mass on overhead lines according to the
recommendations of the ISO 12494 (2001) standard document.

Let Y1, Y2,...,Yn be independent, identically distributed random variables that follow
the generalized Pareto distribution with the parameters of ξ shape parameter and σ scale
parameter. Let u denote the appropriately chosen threshold value. Then, the conditional
probability of a given variable can be given as follows:

P(Y > u) =
(

1 + ξ

(
y− u

σ

))− 1
ξ

(17)

which is rearranging according to the rules of the conditional probability is the following:

P(Y > y) = P(Y > u)
(

1 + ξ

(
y− u

σ

))− 1
ξ

(18)

If it is supposed that the random variable Ym occurs only once out of every m observa-
tions, then it can be written that

P(Ym > u)
(

1 + ξ

(
y− u

σ

))− 1
ξ

=
1
m

(19)

Equation (19). converted gives the Ym return value of the mth detection:

Ym = u +
σ

ξ

(
(mpu)

ξ − 1
)

, i f ξ 6= 0 (20)

Ym = uσloglog (mpu) , i f ξ = 0 (21)

where pu = P (Y > u).

2.4. Description of the Numerical Weather Prediction Models and Analysis of Forecast Accuracy

For the discussion of the applicability of results of return period calculation in mountain
terrain (Sections 4 and 5), the ALARO canonical configuration of the ALADIN model [40]
was run to simulate severe wet snow cases. ALADIN is a limited area NWP model, which
provides analyses and short-range weather forecasts of various prognostic and diagnostic
meteorological parameters [41].

Two versions of the ALADIN model were run for the study, denoted ALADIN/SHMU
and ALADIN/HS1A. ALADIN/SHMU [42,43] is a hydrostatic model with 4.5 km hor-
izontal resolution grid and an own assimilation cycle for local surface observations of
temperature and humidity including the CANARI interpolation [44] (Table 3). The lateral
boundary conditions were obtained from the forecasts of the global model ARPEGE [45,46]
run at Météo-France. The dynamics of the model is based on spectral, semi-implicit,
2 time-level semi-lagrangian scheme [47,48].

ALADIN/HS1A was run as a downscaling of the ALADIN/SHMU model to a 1 km
resolution grid applying a 2-time-level iterative centered implicit scheme [49] for its dynam-
ics. HS1A provided finer orography in the mountainous regions of Hungary (Figure 6a,b),
where wet snow-related damages were reported in the years 2017 and 2021.
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Figure 6. (a) Domain and orography (in m a.s.l.) of the ALADIN/SHMU model. The HS1A rectangle
shows the position and size of the domain for the high resolution runs. The map depicts area between
2.32◦ E, 33.78◦ N (southwestern corner) and 39.05◦ E, 55.87◦ N (northeastern corner); (b) as in (a) but
for the ALADIN/HS1A high resolution model version. The rectangles show the position and size of
regions shown in Figures in the Section 4, concerning wet snow situations of 19–20 April 2017 (right
rectangle) and 12–13 April 2021 (left rectangle). The map depicts area between 14.69◦ E, 45.17◦ N
(southwestern corner) and 24.18◦ E, 50.23◦ N (northeastern corner).

Both ALADIN/SHMU and ALADIN/HS1A used nearly the same setup of phys-
ical parameterization denoted ALARO-1vB, including the emulated Turbulent Kinetic
Energy (TKE) -based scheme [50,51], parameterization of deep convection [52] and micro-
physics [53] adapted for the mesoscale. Surface processes were parameterized with the
ISBA (Interaction Soil Biosphere Atmosphere) scheme [54] utilizing the 1 km resolution
ECOCLIMAP I and ECOCLIMAP II databases [55,56] for physiographic data.

Table 3. Main characteristics of the ALADIN model configurations used for the wet snow case studies.

Model Version ALADIN/SHMU ALADIN/HS1A

Status operational experimental

Horizontal resolution 4.5 km 1.0 km

Number of vertical levels 63 73

Domain size 2813 × 2592 km 720 × 576 km

Coupling model ARPEGE, 3 h coupling frequency ALADIN/SHMU, 3 h coupling frequency

Initialization none none

Data assimilation optimal interpolation CANARI [44] none (dynamical and LBC downscaling)

Dynamics hydrostatic, spectral, semi-implicit, 2 time
level semi-lagrangian scheme

non-hydrostatic, spectral, semi-implicit 2 time level
iterative lefted implicit scheme

Physics ALARO-1vB ALARO-1vB, adapted for convection-permitting
scales (after [57,58])

The physical parameterization and postprocessing of ALADIN/SHMU and AL-
ADIN/HS1A provides also calculation of parameters of wet snow and ice accretion on over-
head wires based on the above-mentioned Admirat [26] method and its Equations (1)–(7).
In both cases (based on 19 April 2017 00 UTC and on 12 April 2021 00 UTC), 48 h fore-
casts of wet snow mass were carried out with the same criterions for wet snow and
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the same accretion technique as in the return period calculations presented in this pa-
per (see Sections 2.1 and 2.2). The precipitation phase (rain/snow) was inferred from the
ALADIN/ALARO parameterization of microphysics and precipitation fluxes [53]. Parame-
terization of snow shedding and thawing was not implemented, thus the outputs represent
the maximum possible wet snow mass in the respective situation.

Estimation of the model forecast error of wet snow mass was done at locations with
available measurements from AWS and synoptic stations. The reference wet snow mass
(kg·m−1) was parameterized upon the same criterions and approaches as for return period
calculations (see Sections 2.1 and 2.2), using temperature, wind speed and total precipita-
tion (rain + snow) from station observations with 1 h frequency. Since precipitation type
was not observed at AWS stations, the fraction of rain/snow was derived from calculations
of the ALADIN/SHMU and ALADIN/HS1A models. The algorithm selected a grid-point
from an area of 9 × 9 grid-points near the position of stations, where the model height was
closest to station one. Model parameters referred then to this grid-point. At the Budapest
Zugliget station only temperature measurements were available, wind and precipitation
was derived from model forecasts.

The input wet snow precipitation was corrected with respect to the effect of wind-
induced undercatch with the Goodison [31] formula for mixed precipitation. Tests were
provided by putting a limit for wind speed in this correction as the regression curve for
catch ratio was constructed from data, where the wind speed was lower than 7.5 m·s−1 (see
Figure 4.5.2. of Goodison [31]). These tests were inspired by methodology in Huai et al. [59],
where similar limits were applied for their correction coefficient calculations.

The model forecast error of wet snow mass was specified also with respect to parame-
ters, which are necessary for its calculation −2 m temperature (T2m), 10 m wind (U10m),
precipitation (P). Uncertainty in determination of these parameters has a potential impact
on both wet snow mass NWP forecasts and estimations from station observations. The
magnitude of this impact was analyzed by perturbing the observed values of T2m, U10m,
P in the wet snow mass calculation (i.e., replacing them by model forecasts) and comparing
the resulting mass with reference snow mass estimations (only observed T2m, U10m, P
used). Mean BIAS and Mean Absolute Error (MAE) were calculated to characterize the
mean deviations of forecasts (or perturbed values) from the station observations (reference
values) in the two evaluated cases:

BIAS =
1
N

N

∑
i=1

(Fi −Oi), (22)

MAE =
1
N

N

∑
i=1
|Fi −Oi|, (23)

where N was the number of stations, F the forecast (perturbed) value, O the observed
(reference) value of the parameter in question.

3. Results
3.1. Return Period of Wet Snow Events

It is essential for professionals at the power supply companies to have the latest
knowledge of the frequency and intensity of icing events, especially the return periods of
external extra forces and extreme loads on the wires. In recent decades, several severe wet
snow events were registered in the Carpathian Basin and the surrounding mountainous
areas. In the last 15 years, the most significant wet snow cases with civil and media attention
were in 2009, 2012, 2013, 2014, 2015, 2017, 2018 and 2021.

The Hungarian standards applicable to power system design were adapted to the
climatic conditions of the 1970s and 1980s, but at that time there were not sufficiently
long data series and sophisticated methods yet to calculate the extremes and their return
periods. The POT method needs at least 20-year long observations [23]. The ISO 12494 [22]
presented a classification of icing events based on its severity and the accumulated wet
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snow mass on the wires (Table 4). Ducloux and Nygaard [60] presented a mathematical
approach to create intervals for ice classes in ISO 12494 in order to be able to objectively
classify the calculated return values into the icing groups. According to this study, a good
approximation of the minimum and maximum values of an Ice Class category (R1–R10) is
the 79% and the 141% of the median value belonging to the given ice class (Table 4 Column
“Snow mass on the wire (kg·m−1)). For example, in the R2 category the minimum and
maximum of the interval (Table 4 Column “Calculated intervals (kg·m−1)”) is the 79%
and 141% of the median value of R2 0.9 kg·m−1. In the R1 category the minimum value
practically has to be determined as zero. The intervals are not overlapping so they are
suitable for classification.

Table 4. International Ice Classes, and related mass (kg·m−1) and diameter (cm) of accumu-
lated wet snow on transmission overhead lines determined for two snow densities (300 kg m−3,
500 kg m−3) based on [22]. Calculated intervals are determined by Ducloux and Nygaard based on
the 79% and 141% value of the diameter of snow sleeve (cm) as the lower and upper limits of the
calculated intervals [60].

ISO International Ice
Classes [22]

Snow Mass on the
Wire (kg·m−1)

Diameter of Snow Sleeve (cm)
Calculated Intervals (kg·m−1) [60]

(Diameter of Wire Is 30 mm)

Snow Density (kg·m−3)

300 500

R1 0.5 5.5 4.7 0–0.70

R2 0.9 6.9 5.6 0.71–1.26

R3 1.6 8.8 7.1 1.27–2.25

R4 2.8 11.3 9.0 2.26–3.95

R5 5.0 14.9 11.7 3.96–7.05

R6 8.9 19.7 15.4 7.06–12.55

R7 16 26.2 20.4 12.56–22.55

R8 28 34.6 26.9 22.56–39.48

R9 50 46.2 35.8 39.49–70.50

R10 Extreme icing events >70.51

Now we demonstrate the results of the extreme value analysis for two periods, 1965–
1990 and 1991–2016.

3.1.1. The Annual Frequency and 25-Year Maxima of Wet Snow Events

Firstly, the frequency of the annual number of wet snow events and their tendency
were studied between 1965–2016. After the determination of wet snow events based on
the conditions in Section 2.1, we defined the independent events using the following
conditions: 1. a minimum of 24 precipitation-free hours passed between two snowfalls, or
2. a minimum of 6 h with air temperature above 2 ◦C and no snowfall. In this case, we
assumed that the accreted snow sleeve melted from the wires due to high temperatures.
However, owing to the low annual frequency of wet snow formation, this criterion was
applied to a negligible extent. It is needed to emphasize again that the study is focusing on
the complex atmospheric conditions that can lead to wet snow formation on wires, so the
presented wet snow mass (kg·m−1) is an estimated value calculated with Equations (1)–(9).
We used visual observations of snowfall and measured meteorological parameters to
determine the occurrence of wet snow events.

The Annual Number of Cases (ANC) of wet snow events by stations can be seen in
Figures 7 and 8 with the estimated values of 25-year Maximum Wet Snow Mass (kg·m−1)
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and its return periods (years) between 1965–1990 (I. column in Figures 7 and 8) and between
1991–2016 (II. column in Figures 7 and 8).
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Figure 7. Annual Number of Cases (ANC) of wet snow events between 1965–2016 with a linear trend
line (dotted line) and its equation (left) and the 25-year Maximum Wet Snow Mass (MWSM) (kg·m−1)
and its Return period in the 1965–1990 period (Column I.) and in the 1991–2016 period (Column II.)
(right) in Békéscsaba, Budapest-Pestszentlőrinc, Debrecen, Győr, Kékestető, Miskolc.

According to the results of t-test (DF = 50, p = 0.05, t-critical = 2.0086) there was a
significant increase in the Annual Number of Cases (ANC) in Budapest-Pestszentlőrinc,
Debrecen, Győr, Kékestető, Miskolc, Pápa, Pécs, Siófok, Szeged. No significant trend
can be indicated in Békéscsaba and Szombathely. A significant negative trend can be
shown in Szolnok. The calculated Maximum Wet Snow Mass (MWSM) significantly
decreased in Békéscsaba, Pápa and Szeged. There were no significant changes in Budapest-
Pestszentlőrinc, Debrecen, Győr, Kékestető, Miskolc, Pécs, Siófok, Szolnok and Szombathely.
The increased Annual Number of Cases and the insignificant changes in the Maximum
Wet Snow Mass together indicate that the probability of heavier accumulations may have
decreased (Table 5).

3.1.2. Return Period between 1965–1990 and 1991–2016

The length of the data series allowed us to split the whole period into a 24-year and a
25-year long period.
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Figure 8. Annual Number of Cases (ANC) of wet snow events between 1965–2016 with a linear trend
line (dotted line) and its equation (left) and the 25-year Maximum Wet Snow Mass (MWSM) (kg·m−1)
and its Return period in the 1965–1990 period (Column I.) and in the 1991–2016 period (Column II.)
(right) in Pápa, Pécs, Siófok, Szeged, Szolnok, Szombathely.

Table 5. The Number of Cases (NC) between 1965–2016, the trend analysis of the Annual Number of
Cases (ANC) based on Figures 7 and 8 and of the calculated Maximum Wet Snow Mass (MWSM) in
kg·m−1 with t-test (p = 0.05) between 1965–2016. The critical t-value is 2.0086. Significant changes of
the parameters are shaded with red (increase) or blue (decrease).

Station NC
(1965–2016)

Trend Analysis of
ANC
t-Value (p = 0.05)

Trend Analysis of
MWSM
t-Value (p = 0.05)

Békéscsaba 167 0.78 −2.24

Budapest-Pestszentlőrinc 230 77.6 −0.19

Debrecen 156 47.73 0.006

Győr 206 127.36 0.67

Kékestető 57 6.69 −0.03

Miskolc 131 42.98 −0.34

Pápa 129 57.08 −4.35

Pécs Pogány 148 80.25 −1.08

Siófok 195 13.13 0.73

Szeged 200 23.62 −2.1

Szolnok 106 −13.09 −0.73

Szombathely 178 0 −1.69

The Maximum Wet Snow Mass (kg·m−1) of the first period (1965–1990) is presented
in Figures 7 and 8. The most exposed area was Pápa (25-year MWSM = 10.24 kg·m−1).
Its geographical location is favourable for wet snow formation, because the station is



Atmosphere 2023, 14, 81 16 of 30

situated at the junction of a lowland (Kisalföld) and a hilly area (Bakony), while the
most frequent wind direction during wet snow events is northwestern [13], so the station
is on the windward side of the hilly area of Bakony. The return period of the 25-year,
maximum is 112 years (Figure 8), while the 50-year return value is 4.42 kg·m−1 and the
100-year return value is 9.04 kg·m−1 (Figure 9). It shows that the wet snow event which
hit the station (25-year maximum) was an extremely rare event. Szombathely (25-year
MWSM = 3.40 kg·m−1, Figure 8) is in the western part of the country, which is one of the
most exposed areas to wet snow formation in Hungary [61]. The 50-year return value
(4.32 kg·m−1) is almost equal to the value in Pápa (Figure 9). However, the 100-year return
value does not reach the one in Pápa, but it is the second highest (6.54 kg·m−1) among the
studied stations. The stations on the Great Plains, i.e., Szeged, Békéscsaba and Szolnok
(25-year MWSM = 3.69, 2.96 and 2.09 kg·m−1, respectively), furthermore Pécs and Siófok
(50-year return value = 3.06 and 2.67 kg·m−1, respectively) are moderately endangered
regions to wet snow accretion. The lowest values can be seen in Budapest-Pestszentlőrinc,
Debrecen, Győr, Kékestető and Miskolc (25-year MWSM = 1.44, 1.43, 1.47, 1.48, 0.84 kg·m−1,
respectively in Figures 7 and 8).
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Figure 9. 50-year and 100-year return value of wet snow mass (kg·m−1) and the probability of the
50-year return value calculated from the estimated wet snow mass (kg·m−1) between 1965–1990. See
the explanation of station labels 1–12 in Table 1.

The spatial distribution of wet snow masses changed in the period of 1991–2016
(Figure 10). Although Szombathely and Pápa remained the most exposed areas, the
25-year Maximum Wet Snow Mass is lower than in the previous decades (5.70 kg·m−1 and
3.98 kg·m−1,respectively in Figures 7 and 8). The severe exposure of Pápa is still reflected
in the high values of 50-year and 100-year return values (6.07 kg·m−1 and 10.21 kg·m−1,
respectively), which continue to be far ahead of the values of Szombathely (3.01 kg·m−1

and 5.02 kg·m−1, respectively) (Figure 10). Compared to the values in the previous period
(1965–1990) it can be determined that a significant decrease in the 50-year return values can
be seen in Békéscsaba, Kékestető, Pécs, Szeged, Szolnok, Szombathely. There is no signifi-
cant change in Budapest-Pestszentlőrinc, Debrecen and Miskolc. A significant increase is
confirmed in Győr, Pápa and Siófok. These stations are located in the northwestern part of
the country.
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Figure 10. 50-year and 100-year return value of wet snow mass (kg·m−1) and the probability of the
50-year return value calculated from the estimated wet snow mass (kg·m−1) between 1991–2016. See
the explanation of station labels 1–12 in Table 1.

3.2. Classification of Ice Classes

In order to enlighten the severity of the Ice Class categories and the exposure of the
synoptical stations to the climatically possible wet snow masses, we used the classification
of the international color codes of the warning system (green, yellow, orange, red), which is
based on the expected danger or damages. The wet snow mass in the R1 and R2 ice classes
does not mean potential danger to the transmission lines. The R3 ice class is low, while
R4 and R5 categories are medium risks for the system. R6 and above categories meet the
requirements of red warnings, so it means widespread and severe wet snow loads with
breakdowns and blackouts affecting a significant number of the population [9].

In the first period a southwest-northeast gradient of severity can be seen in Figure 11a.
However, wet snow is an exceptionally local phenomenon, the occurrence strongly depends
on the momentary conditions of the atmosphere in a certain location, so spatial conclusions
about climate characteristics can not be drawn based on the severity map. The only station
without significant wet snow accumulation was Miskolc at this time. Low-risk stations
were Budapest-Pestszentlőrinc, Debrecen, Győr and Kékestető. 7 out of the 12 stations
belonged to the medium-risk categories (R4, R5). In the second period (Figure 11b) the
rate of medium-risk stations decreased to 4, all located in the northwestern part of the
country (Győr, Pápa, Siófok, Szombathely). The rate of no-risk stations increased from 1
to 4, these stations are Kékestető, Miskolc, Pécs and Szolnok. The low-risk categories are
situated in the southeast part of the country (Békéscsaba, Debrecen, Szeged) and Budapest-
Pestszentlőrinc (Figure 4b). Based only on the color codes representing the possible losses,
there is no change of severity in Budapest, Debrecen, Miskolc, Pápa, Siófok, Szombathely.
An increasing risk can be experienced only in Győr, while a reduction of risk can be seen in
Békéscsaba, Kékestető, Pécs, Szeged, Szolnok (Table 6).
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Figure 11. Categories of International Ice Classes [22] on Hungarian synoptic stations between
(a) 1965–1990 and (b) 1991–2016. The colors represent the severity of climatically possible wet snow
masses based on the international color scale of the warning system. Station labels can be seen
in Table 1. The map depicts area between 15◦ E, 45◦ N (southwestern corner) and 24◦ E, 49◦ N
(northeastern corner).

Table 6. Comparison of Ice Classes [22].

Station Label Ice Class
1965–1990

Ice Class
1991–2016

Békéscsaba 1 R5 R3

Budapest 2 R3 R3

Debrecen 3 R3 R3

Győr 4 R3 R4

Kékestető 5 R3 R2

Miskolc 6 R2 R2

Pápa 7 R5 R5

Pécs 8 R4 R2

Siófok 9 R4 R5

Szeged 10 R5 R3

Szolnok 11 R4 R2

Szombathely 12 R5 R4

4. Case Studies

The calculation of the return period was possible from observations of 12 synoptic
stations, which are mostly situated at lowland, with exception of the station Kékestető,
which is near to the highest point of Hungary. However, wet snow events are often reported
in the hill or mountain regions in the North and Northwest of Hungary. Two cases are
presented here to illustrate the spatial distribution of wet snow mass in such situations and
the possibility of analyzing them with aid of station observations and numerical models.

The first case occurred on 19–20 April 2017, when heavy precipitation (up to 80 mm in
these two days, measured by precipitation gauges) and moderate-to-strong wind occurred
at many places in Hungary [62]. In lowland, there was typically rain or snow with too high
water content to accrete on wires (forming slush). Conditions for wet snow were favorable
in mountains, where both station observations and numerical models indicated very high
snow mass with maxima estimated about 14–34 kg·m−1 (Figure 12a,b in ALADIN/SHMU
and Figure 12c,d in ALADIN/HS1A). This would classify the event as R7-R8 according to
the International Ice Class (an extreme ice event). There was also a direct observation and
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report about damages on electric wires due to wet snow in the village Bükkszentkereszt [63].
Wet snow events of this intensity are rare in Hungary. For comparison, a maximum wet
snow mass between 1965–1990 was registered in Pápa (10.24 kg·m−1) with a quite long
return period of 112 years (refer to Figure 8).
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The second event was less severe with respect to the estimated snow mass magni-
tudes (substantial damage was not claimed) and it occurred on 12–13 April 2021. Snow 
with a depth of 10–30 cm was reported from the Bakony mountains in the northwest of 
Hungary [64], and wet snow occurred in the city of Zirc. Numerical simulations indicated 
4–5 kg·m−1 snow accumulation (Figure 13a,b for ALADIN/SHMU and Figure 13c,d for 
ALADIN/HS1A), which would rate the event as class R5. 

Figure 12. (a) Forecast of cumulated wet snow mass (shaded, kg·m−1) from the ALADIN/SHMU
run based on 19 April 2017 00 UTC and valid for 21 April 2017 00 UTC in the region of northern
Hungary (domain shown in Figure 6b). Circles, plus “and X” symbols depict the positions of stations
and sites as explained in Figure 3. The numbers are model forecasts of the mass valid for the closest
grid-point of height corresponding to station height.; (b) ALADIN/SHMU model orography (shaded,
m). Numbers and colored circles show the mass (kg·m−1) estimated from both station observations
and ALADIN/SHMU data and cumulated for the same period as in a).; (c) as in (a) but for the
ALADIN/HS1A model run.; (d) as in (b) but for estimations using ALADIN/HS1A inputs.

The second event was less severe with respect to the estimated snow mass magni-
tudes (substantial damage was not claimed) and it occurred on 12–13 April 2021. Snow
with a depth of 10–30 cm was reported from the Bakony mountains in the northwest of
Hungary [64], and wet snow occurred in the city of Zirc. Numerical simulations indicated
4–5 kg·m−1 snow accumulation (Figure 13a,b for ALADIN/SHMU and Figure 13c,d for
ALADIN/HS1A), which would rate the event as class R5.



Atmosphere 2023, 14, 81 20 of 30Atmosphere 2023, 14, x FOR PEER REVIEW 21 of 31 
 

— 

  
(a) (b) 

  
(c) (d) 

Figure 13. (a) Forecast of cumulated wet snow mass (shaded, kg·m−1) from the ALADIN/SHMU run 
based on 12 April 2021 00 UTC and valid for 14 April 2021 00 UTC in the region of northwestern 
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In both cases, there were neither synoptic, nor AWS measurements in the area of the 
highest snow masses predicted with ALADIN/SHMU or ALADIN/HS1A runs. These 
were situated in forest areas. In the case of 19–20 April 2017 snowfall, masses exceeding 
10 kg·m−1 were concentrated to relatively small zones (with dimensions of 10–20 km) at 
the slopes of Mátra and Bükk mountains. Meteorological stations could be rather found 
at the edges of these territories or at the top of the mountains. 

In the ALADIN/HS1A numerical simulation of this case, local minima were placed 
to the highest points of Mátra or Börzsöny mountains, which agrees with the estimations 
of Kékestető and Nagy-Hideg-hegy stations. Here, the 2m temperature was mostly below 
the lower threshold for wet snow (−0.5 °C). This effect was absent in the 4.5 km resolution 
ALADIN/SHMU model, which orography is less accurate. Additionally, measurements 
of other stations (e.g., Budapest János-hegy, Miskolc Szentlélek, etc.) indicated that the 
temperature conditions for wet snow accretion were favorable only in certain intervals of 
heights—nearly between 200 and 800 m a.s.l. (Figure 14). 

Figure 13. (a) Forecast of cumulated wet snow mass (shaded, kg·m−1) from the ALADIN/SHMU
run based on 12 April 2021 00 UTC and valid for 14 April 2021 00 UTC in the region of northwestern
Hungary (domain shown in Figure 6b). The meaning of numbers and symbols is the same as in
Figures 3 and 12; (b) ALADIN/SHMU model orography (shaded, m). Numbers and colored circles
show the mass (kg·m−1) estimated from both station observations and NWP data and cumulated
for the same period as in (a); (c) as in (a) but for the ALADIN/HS1A model run; (d) as in (b) but for
estimations using ALADIN/HS1A inputs.

In both cases, there were neither synoptic, nor AWS measurements in the area of the
highest snow masses predicted with ALADIN/SHMU or ALADIN/HS1A runs. These
were situated in forest areas. In the case of 19–20 April 2017 snowfall, masses exceeding
10 kg·m−1 were concentrated to relatively small zones (with dimensions of 10–20 km) at
the slopes of Mátra and Bükk mountains. Meteorological stations could be rather found at
the edges of these territories or at the top of the mountains.

In the ALADIN/HS1A numerical simulation of this case, local minima were placed
to the highest points of Mátra or Börzsöny mountains, which agrees with the estimations
of Kékestető and Nagy-Hideg-hegy stations. Here, the 2m temperature was mostly below
the lower threshold for wet snow (−0.5 ◦C). This effect was absent in the 4.5 km resolution
ALADIN/SHMU model, which orography is less accurate. Additionally, measurements
of other stations (e.g., Budapest János-hegy, Miskolc Szentlélek, etc.) indicated that the
temperature conditions for wet snow accretion were favorable only in certain intervals of
heights—nearly between 200 and 800 m a.s.l. (Figure 14).
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Figure 14. Variation of 2 m average temperature (solid line, ◦C) and estimated wet snow mass
(dashed line, 101 kg·m−1) with station height (m) during the case of 19–20 April 2017. The profiles
were constructed from measurements of synoptic and AWS stations. Averaging of temperature was
applied for the period of precipitation at each station. The shaded rectangle emphasizes the range of
temperature, where wet snow was considered (−0.5, 2 ◦C).

Unfortunately, there were no observations from the southern slopes of Mátra or Bükk
mountains, where both models placed the highest snow mass, but were also quantitatively
very different (two times higher mass in ALADIN/HS1A compared to ALADIN/SHMU
model). The inaccuracy in the wet snow mass forecasts could be estimated to 1–3 kg·m−1

(see the MAE of Table 7). This is high in light of the fact that wet snow mass of 3 kg·m−1 is
already a threshold for 2nd level of warning (orange) in Hungary for this meteorological
phenomenon [9]. The more exact forecasts of temperature, wind and precipitation resulted
in smaller absolute error of snow mass in the higher resolution model run (ALADIN/HS1A).

Table 7. Evaluation of forecast errors of the ALADIN/SHMU and ALADIN/HS1A model runs for
respective parameters—average 2 m temperature (◦C) and 10 m wind (m·s−1), total precipitation
(mm), wet snow mass (kg·m−1) in the case of the 19–20 April 2017 snowfall.

Parameter
2 m Temperature 10 m Wind Total Precipitation Wet Snow Mass

SHMU HS1A SHMU HS1A SHMU HS1A SHMU HS1A

BIAS 1.16 0.65 1.42 1.44 −29.41 −25.5 0.3 −0.36

MAE 1.21 0.73 2.8 2.17 29.86 26 3.13 1.85

In the 12–13 April 2021 situation the snow mass forecasts of both model runs were
closer concerning magnitude and also the forecast errors of T2m, U10m, P were similar in
magnitude in the ALADIN/SHMU and ALADIN/HS1A (Table 8). Comparison of the two
snowfall events indicates that the accuracy of the model and the verification results can
largely depend on the type of the situation, terrain (much flatter in the second studied case)
and choice of the verifying stations (how much they are close to areas of high precipitation).
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Table 8. The same as in Table 7, except for the 12–13 April 2021 snowfall.

Parameter
2 m Temperature 10 m Wind Total Precipitation Wet Snow Mass

SHMU HS1A SHMU HS1A SHMU HS1A SHMU HS1A

BIAS 0.71 0.77 1.32 1.37 −0.27 −5.1 0.84 0.1

MAE 0.75 0.77 2.27 2.41 9.1 10.1 1.22 0.37

Experiments showed that for every input parameter (T2m, U10m, P) the accuracy of
its determination had a high impact on the resulting snow mass estimates. For example,
replacing observed 2 m temperature with model forecast could lead in ~2.5 kg·m−1 increase
in snow mass if using ALADIN/HS1A model data and even to ~8 kg·m−1 in case of
the ALADIN/SHMU with coarser resolution (Table 9). For wind and precipitation the
sensitivity was not as high but still a deviation of about 1.5–1.7 kg·m−1 (or even 2.7 kg·m−1)
was possible when applying ALADIN/HS1A (ALADIN/SHMU) outputs. In the 12–13
April 2021 case the mean influence of replacing observed data by forecast ones was smaller
but still up to 1–1.6 kg·m−1 differences could be found in the case of temperature (Table 10).

Table 9. Impact of respective parameters (2 m temperature, 10 m wind, precipitation) on the accuracy
of wet snow mass (kg·m−1) calculation in case the observed values were replaced by model forecasts
(ALADIN/SHMU and ALADIN/HS1A) in the 19–20 April 2017 snowfall. Note that the results
for “All” (all parameters replaced by model data) are slightly different from the wet snow mass
forecast error in Table 7 because of the different integration time-step (1 h) compared to inline model
calculations (36 s).

Observation Replaced by Model Data
Temperature Wind Precipitation All

SHMU HS1A SHMU HS1A SHMU HS1A SHMU HS1A

BIAS 7.06 2.32 0.21 −0.04 −1.49 −1.43 0.39 −0.37

MAE 7.85 2.48 2.68 1.75 1.58 1.56 3.15 1.79

Table 10. As in Table 9 but for the 12–13 April 2021 snowfall.

Observation Replaced by Model Data
Temperature Wind Precipitation All

SHMU HS1A SHMU HS1A SHMU HS1A SHMU HS1A

BIAS 1.42 1.07 0.06 0.07 −0.11 −0.15 0.84 0.1

MAE 1.62 1.14 0.08 0.09 0.23 0.19 1.22 0.37

For observation-based precipitation and snow mass estimates, the allowance of wind-
induced undercatch effect can play an important role. It could be demonstrated in the 19–20
April 2017 case at several stations (Table 11). The correction increased the estimated snow
mass, in case of the Budapest János-hegy station, by almost 10 kg·m−1, due to high wind
speed. However, it is uncertain whether the correction formula is still applicable for high
wind speed at the gauge height. Experiments with limiting the wind to 7.5 m·s−1 indicated
that the snow mass calculation was sensitive to such changes if there was strong wind.
In similar situations even a relatively small increase in precipitation could significantly
amplify the snow mass due to strong flux. The extreme example of this effect was found at
the Budapest János-hegy station. When not using the wind limit, the precipitation would
be higher by ~2.7 mm but this would already result in snow mass higher by ~1.6 kg·m−1

(which would mean more than 10 percent of the entire mass).
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Table 11. Impact of the correction on wind on wet snow precipitation (Pw [mm]) estimates and of the
limitation applied on wind (maximum wind speed = 7.5 m·s−1) in Equation (8) after Goodison [31].
Resulting estimates of wet snow mass (M (kg·m−1)) are listed for the respective approaches (no
correction on wind, correction applied, correction with wind speed limit). Values were rounded
to two decimals. All calculations are valid for the wet snow event of 19–20 April 2017. (NC = not
corrected, C = corrected, N.U.L = no wind speed limit, Umax = 7.5 m s−1).

Label Name Height
a.s.l. [m]

Pw [mm]
NC

Pw [mm]
C, N.U.L

Pw [mm]
C, Umax

M [kg m−1]
NC

M [kg m−1]
C, N.U.L

M [kg m−1]
C, Umax

2 Budapest-
Pestszentlőrinc 139 11.07 13.55 13.55 0.74 0.98 0.98

6 Miskolc 162 0 0 0 0 0 0

A9 Sülysáp 181 5.64 7.5 7.5 0.36 0.52 0.52

A2 Eger 225 3.27 3.72 3.72 0.18 0.21 0.21

A10 Budapest Zugliget 421 26 26 26 4.26 4.26 4.26

A1 Budapest János-hegy 516 17.44 41.22 38.57 3.09 13.38 11.8

A3 Miskolc Szentlélek 752 22.72 31.16 31.16 2.14 3.53 3.53

A4 Nagy-Hideg hegy 855 0.45 0.6 0.6 0.02 0.03 0.03

5 Kékestető 1012 0 0 0 0 0 0

In the 12–13 April 2021 situation the impact of the undercatch correction was also
relatively large -increasing two-times the masses at some stations (Table 12). On the other
hand, the effect of the wind-limitation was below 0.1 kg·m−1 and could come into question
only at a few stations (e.g., at the top of the Kab-hegy mountain).

Table 12. As in Table 11, but for the wet snow event of 12–13 April 2021.

Label Name Height
a.s.l. [m]

Pw [mm]
NC

Pw [mm]
C, N.U.L

Pw [mm]
C, Umax

M [kg m−1]
NC

M [kg m−1]
C, N.U.L

M [kg m−1]
C, Umax

9 Siófok 108 0 0 0 0 0 0

4 Győr 117 0.73 0.82 0.82 0.04 0.04 0.04

7 Pápa 145 4.9 8.76 8.68 0.46 1.02 1.00

A7 Sümeg 195 0.95 1.52 1.52 0.06 0.10 0.10

12 Szombathely 201 0 0 0 0 0 0

A8 Tés 472 2.35 4.42 4.42 0.17 0.36 0.36

A6 Kab-hegy 595 0.88 2.39 2.05 0.08 0.24 0.20

A5 Gerecse tető 620 4.74 7.87 7.87 0.33 0.65 0.65

Additional experiments were done with setting the wet snow density to 500 kg·m−3 as
the density of wet snow usually increases with higher wind speed [23]. As a consequence,
output wet snow mass forecasts decreased considerably in the case of the 19–20 April 2017
snowfall (Figure 15a) when compared to reference calculations using 300 kg·m−3 density
(shown in Figure 12c). With higher density value, the peak snow mass would be 9 kg·m−1

from the AWS measurement estimations and 22 kg·m−1 from the ALADIN/HS1A model
simulation, which would correspond to the ice class of R6-R7. In the case of the 12–13 April
2021 snowfall the maximum predicted snow mass would decrease to 4 kg·m−1 (class R5)
(Figure 16). In both cases, the increase of wet snow density resulted in a drop of the snow
mass estimations by nearly 30%.
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2021 00 UTC and for northwestern Hungary.; (b) ALADIN/HS1A model orography (shaded, m). 
Numbers represent the station observation and NWP-based estimations of wet snow mass (kg·m−1) 
cumulated for the same period and with the same setup of wet snow density (500 kg·m−3) as in (a). 
Compare with the reference ALADIN/HS1A results presented in Figure 13c,d. 

5. Discussion 
The results of the climatological examination show that the frequency of wet snow 

occurrences between the 1965–1990 and 1991–2016 periods has increased in 10 out of 12 
stations. It is emphasized once more that the selection of wet snow occurrences is based 

Figure 15. (a) Forecast of cumulated wet snow mass (shaded, kg·m−1) from the ALADIN/HS1A
run based on 19 April 2017 00 UTC and valid for 21 April 2017 00 UTC in the region of northern
Hungary from an experiment defining density of wet snow as 500 kg·m−3. Meaning of numbers
and characters as in Figures 12 and 13; (b) ALADIN/HS1A model orography (m). Numbers and
colored circles show the mass (kg·m−1) estimated from both station observations and NWP data and
cumulated for the same period and with the same setup of wet snow density as in (a). Compare with
Figure 12c,d for the wet snow density of 300 kg·m−3.
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Figure 16. (a) as in Figure 15a but for the run based on 12 April 2021 00 UTC and valid for 14 April
2021 00 UTC and for northwestern Hungary.; (b) ALADIN/HS1A model orography (shaded, m).
Numbers represent the station observation and NWP-based estimations of wet snow mass (kg·m−1)
cumulated for the same period and with the same setup of wet snow density (500 kg·m−3) as in (a).
Compare with the reference ALADIN/HS1A results presented in Figure 13c,d.

5. Discussion

The results of the climatological examination show that the frequency of wet snow
occurrences between the 1965–1990 and 1991–2016 periods has increased in 10 out of
12 stations. It is emphasized once more that the selection of wet snow occurrences is based
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on a special combination of weather parameters like visual observations of precipitation
type (synoptic codes: 70 s) and 2 m temperature. The most significant changes in frequency
can be seen in Pécs (112.5%), Győr (70%), Pápa (65%), Miskolc (55.7%) and Debrecen (42%).
The 25-year Maximum Wet Snow Mass has decreased in Békéscsaba (73.6%), Pécs (63.5%),
Kékestető (57.44%) and in Szolnok (49.7%). A moderate reduction in the wet snow mass
maxima can be observed in Szeged, Budapest, Miskolc and Debrecen. The MWSM has
increased in Northwest Hungary, especially in Pápa (220%) and Szombathely (67%). The
highest Ice Class indicated by a 50-year return period calculation for the 12 stations was R5.
Based on the results of spatial distribution and the return values it can be concluded that
the exposure to severe wet snow masses has decreased in the south (Békéscsaba, Szeged,
Szolnok, Pécs). There is no significant change in the Ice Classes in the central and northeast
parts of the country, i.e., in Budapest, Debrecen, Miskolc. The most exposed areas with
elevated risk are in the northwest part of Hungary, particularly in Pápa and Siófok.

However, it is probable that the most extreme wet snow events occur locally, in
mountain areas of Hungary, where even Ice Classes of R6-R8 are possible. This concerns
territories in the North and Northwest of Hungary (Bakony, Börzsöny, Mátra, Bükk) but
possibly also some other parts of Hungary (e.g., western border with Austria or Mecsek
mountains in the south of Hungary), which had not previously been mentioned. This is
indicated by numerical simulations and two cases presented in this paper. There is no direct
or indirect observational evidence of such high snow masses in mountains as were the peak
values forecast by the models, because surface observations are rather sparse there.

Estimation of wet snow mass is very sensitive to parameterizations of wind-effects on
snow accretion and precipitation. For the stations selected in the return period calculation,
the wet snow and strong wind combination occurred rarely (1% of the wet snow cases). In
case of high wind speed one should count with the fact that the uncertainty in specifying
wet snow mass increases. First, the density of accreted snow can well exceed values of
300 or 400 kg·m−3 used in this study or in other return period calculations (e.g., [60]).
When increasing this parameter, the accreted snow mass becomes substantially lower, as it
was shown in the experiment with 500 kg·m−3 density for wet snow (Figures 15 and 16).
Unfortunately, there exist only very few observations of wet snow density in Hungary,
which could help to specify the density-wind relationship in such situations.

Another potential source of inaccuracy is the parameterization of collection efficiency
(beta). The parametrization of Admirat et al. [33], Admirat and Sakamoto [34] significantly
underestimate the wet snow mass, while Nygaard et al. [29] and Sakamoto and Miura [28]
overestimate the wet snow mass, especially in low wind conditions. The return period
calculations using all the mentioned beta parametrizations and comparisons can be found
in the work of Somfalvi-Tóth [13].

Ice or wet snow can be accreted on both rotational and sonic anemometers, which can
increase the inaccuracy of wind measurements, above all in severe icing situations [65]. At
the OMSZ stations, heating and protection of the anemometer shaft from icing started to be
implemented from 1993 on automatic weather stations [66]. Heating of cups is also used
at certain stations (e.g., Kékestető). Impact of wet snow on wind measurements could be
expected above all in a case with strong wind, e.g., which appeared during the 19–20 April
2017 snowfall. However, anomalies in the course of the wind speed/wind direction, which
would indicate this kind of problem were not found in data used for this case study.

The correction method of precipitation gauge data by strong wind also remains a
problem, which cannot be satisfactorily solved without field experiments or direct pre-
cipitation and snow mass observations. Upon presented case studies it could be stated
that the influence of the correction with the equation (8) was strong and the uncertainty
(potential inaccuracy) in determining wet snow mass could be up to several kg m−1 in
extreme situations. From comparisons of NWP model forecasts and corrected precipitation
observations one could hypothesize that the use of the above-mentioned formula perhaps
even overestimated precipitation in conditions with strong wind. This is suggested by
high underestimations of model precipitation during the 19–20 April 2017 snowfall when
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compared with corrected precipitation measurements (see the large negative mean BIAS
in Table 7 for total precipitation). This negative BIAS was produced mainly at moun-
tain stations (e.g., Budapest János-hegy, Kékestető), where the 10 m wind speed reached
10–14 m·s−1. However, the NWP model forecast errors of precipitation are typically high
in extreme situations, often due to spatial displacements between forecast and observed
values, differences between the model and real topography, etc.

6. Conclusions

The extreme value analysis provided an estimation of climatological extremes of wet
snow in Hungary, whom 50-year return period typically yielded 0.7–6.1 kg·m−1. The
highest snow mass appeared at the station Pápa, in northwestern Hungary at the foot of the
Bakony mountains. Similar range of wet snow mass (0.3 and 8.3 kg·m−1) was found in the
return period calculation of the study for the area of France [60] despite its different climate
zones (due to proximity of the Atlantic ocean and Mediterranean sea). Their extremes of
7–8 kg·m−1 appeared in mountain areas of France or in the proximity of mountains. Severe
wet snow cases in Hungary and numerical simulations also indicated that the highest snow
mass might occur in mountain territory (at Bükk, Mátra or Bakony mountains). Deeper
understanding of the differences or similarities between respective wet snow climates
would require further research and also unification of the wet snow parameterization,
which is different in the respective studies [60,67].

The comparisons of the two 25 year periods (1965–1990 and 1991–2016) showed that
the wet snow climate at the examined station was evolving and decreasing tendencies (in
southern and central Hungary) as well as areas with rising risk of wet snow (western part
of Hungary) were found. This information was missing from former researches, which
were less systematic, focused on case studies and did not cover all regions of Hungary.

Advantage of the extreme value analysis based on data from synoptic stations can
be seen in easy applicability to sites with sufficiently long (at least 20 years) series of
measurements of 2 m temperature, 10 m wind speed, precipitation amount and precipitation
type. Thus, similar research could be extended also to other countries in the Pannonian
Basin and applied to their observation network. The disadvantage of the method is that
the number and the spatial coverage of stations suitable for the analysis is rather low,
thus certain extremes of small areal extent could be missed. The case studies indicated
that these extreme wet snow conditions (snow mass estimated with NWP models as high
as 30–40 kg·m−1) were present in the mountain regions of Hungary at heights between
200 and 800 m, while wet snow was only marginally appearing in lowlands at the same
time. In contrast to most of the cases analysed during the return period calculations, these
events occurred in an environment with strong wind, which resulted in higher uncertainty
concerning the precipitation flux, snow density and other parameters in the wet snow
mass calculation.

Such extremes could be analyzed using NWP models but due to small (typically below
20 km) areal extent of the most extreme snow mass values, horizontal resolution of about
1 km is preferable. This is above all important for steep mountain slopes, where model
orography alters by several tens or hundreds of meters from the real one. This can be
one of the causes of large forecast errors, which can be in order of several kg·m−1. Other
causes can be inaccuracies in the initial and boundary conditions or in the used physical
parameterizations. As indicated by previous studies [18,68], there are more chances to
localize wet snow events or determine their intensity with ensemble prediction systems
(EPS). However, the EPS use (especially at high resolution) requires high computational
power. Mesoscale LAM EPS systems providing outputs at 2.5 km resolution started to be
only recently (February 2020) used in short-range forecasting in Hungary [69].

In the future, extending the extreme value analysis for later years and periods (fol-
lowing 2016) would be interesting because of the higher number of stations. However,
due to the continuously decreasing number of man-powered observations, new methods
must be introduced to determine the precipitation type. In Hungary, disdrometers have
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been implemented at several synoptic and AWS stations [70], which could be used for this
purpose. Another possibility is the improvement of precipitation-type diagnostics from
analyses of numerical models [71] and their combination with AWS measurements.
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