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1 INTRODUCTION
The ongoing anthropogenic climate change is driven by increasing greenhouse gas
emissions from human activities leading to an enhanced greenhouse effect and increasing global surface temperature (IPCC 2021). Projected future warming is
among the largest in the world over northern high latitudes enhanced by different
feedback mechanisms (Previdi et al. 2021). For example, reducing snow and ice
coverage in a warming climate reduces the surface albedo (i.e. reflectivity) leading to the absorption of incoming solar radiation by the Earth system. In addition
to global warming, the impacts of climate change include decreasing Arctic sea ice
coverage as well as increasing global mean sea level and extreme weather events,
to mention a few (IPCC 2021). The impacts of climate change can be studied with
global and regional climate models (GCMs and RCMs, respectively). The information on climate change is highly relevant for stakeholders and policymakers in
order to mitigate and adapt to future changes. The climate information produced
by climate models is also useful for impact modeling of, for instance, hydrological
cycle and road weather which are also affected by climate change in the Nordic
region.
The spatial resolution of GCMs has commonly been 25–300 km (e.g. Demory
et al. 2020; Moreno-Chamarro et al. 2022) while it has been around 12 km in the
state-of-the-art RCM simulations for Europe, such as those of the EURO-CORDEX
project (Jacob et al. 2020). Recently, climate models have reached even finer grid
spacings (Stevens et al. 2019; Coppola et al. 2020). Both GCMs and RCMs have
their advantages and drawbacks (see e.g. Denis et al. 2002). Generally, RCMs can
reach finer horizontal grid spacings compared to GCMs over a selected region with
the same computational power (Demory et al. 2020; Gutowski et al. 2020; LucasPicher et al. 2021). There is evidence that higher grid spacings in climate models
improve the representation of small-scale features, such as precipitation extremes
(Diaconescu and Laprise 2013; Jacob et al. 2014) and local variations over highly
heterogeneous surfaces including complex topography or coastlines, compared to
coarser-resolution models (e.g. Kotlarski et al. 2014; Torma et al. 2015; Giorgi
et al. 2016).
Both GCMs and RCMs still include notable shortcomings especially related to
the treatment of convection (Dirmeyer et al. 2012; Vergara-Temprado et al. 2020).
Generally, convection needs to be described in a simplified manner with convection parameterization schemes for horizontal grid spacings above 10 km. The use
of convection parameterization has been shown to lead to inaccuracies in representing sub-daily precipitation extremes (Hanel and Buishand 2010; Gregersen et
al. 2013; Berg et al. 2019) and the diurnal cycle of precipitation (Trenberth et al.
2003; Brockhaus et al. 2008; Prein et al. 2015; Beranová et al. 2018; Pichelli et
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al. 2021). Therefore, this raises concerns regarding the skill of climate models
to adequately represent the most intense precipitation in the present and future
climate.
Running convection-permitting regional climate models (CPRCMs) with explicit deep convection and a high grid spacing (typically < 4 km) has become
affordable on a climatic scale (10 years or more) as a result of increased computer capacity (see e.g. Coppola et al. 2020; Lucas-Picher et al. 2021; Pichelli
et al. 2021). Many of the CPRCMs are based on convection-permitting numerical
weather prediction (NWP) models that have already operated at a kilometer-scale
longer than two decades (Mass et al. 2002). In addition, climatic-scale convectionpermitting GCM simulations are planned, for instance, within the NextGEMS project (NextGEMS 2022), although it is estimated that it will take at least a decade until convection-permitting GCM simulations will be performed more widely
(Lucas-Picher et al. 2021). The use of explicit deep convection and the finer grid
spacings have been shown to alleviate some of the above-mentioned shortcomings. CPRCMs can improve, for instance, the representation of the diurnal cycle
and high-intensity sub-daily precipitation events (e.g. Ban et al. 2021). An added
value of CPRCMs over RCMs has been found over Europe, Asia, Africa, and the
United States (Lucas-Picher et al. 2021 and references therein). However, running
convection-permitting models still requires more computational power compared
to RCMs, and therefore, the studies conducted with such models have commonly
concentrated on relatively small domains or only a few years (see e.g. Ban et al.
2015). In addition, convection-permitting climate modeling efforts have been relatively few over the Nordic region so far.
As a result of increased grid spacing and explicitly resolved deep convection
in climate models, extreme precipitation events can be simulated more realistically. This is crucial because precipitation extremes cause major environmental
and socioeconomic hazards worldwide and also in the Nordic region. Especially
short-duration intense precipitation can lead to flooding, landslides, and erosion
events as well as cause damage to infrastructure, private property, agriculture, and
sometimes even to human lives. Furthermore, several observational studies have
shown that the past extreme precipitation events have become globally more frequent over recent decades (Besselaar et al. 2013; Westra et al. 2013; Fowler et al.
2021). There are also indications that precipitation extremes have become more
intense over the Nordic-Baltic region (Du et al. 2019).
Precipitation extremes are predicted to increase further due to climate change
as the atmosphere can hold more moisture with increasing temperatures. This
is called the Clausius–Clapeyron relationship (Trenberth et al. 2003) which predicts an increase of precipitation by approximately 7 % per degree Celsius. Even
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higher increases can be found for local short-duration heavy precipitation events
in a warming climate (e.g. Lenderink and Van Meijgaard 2008; Berg et al. 2019;
Poschlod and Ludwig 2021). With better resolved high-intensity sub-daily precipitation events, convection-permitting climate models are highly needed to provide
more accurate information on the future precipitation extremes.
The main objectives of this thesis:
This thesis aims to answer the following research questions:
Q1. What are the present-day characteristics and the past changes of precipitation extremes over the Nordic region? (Paper I)
Q2. How well are the features of regional climate represented in a state-of-theart regional climate model and RCM-driven road weather model over the
Nordic region? (Papers II, III, and IV)
Q3. What are the benefits of convection-permitting regional climate models?
(Papers III and IV)
Understanding the past and present-day features of regional climate, such as
precipitation extremes, is important in order to put the future changes in context while the impacts of climate change can be studied with climate models. It
is also important to estimate the impacts of climate change on roads as difficult
road weather conditions pose a threat to public safety and health as well as to
industry and transport sectors. Road conditions can be studied with road weather
models which are examples of impact models. Both climate and impact models
need to be evaluated in the present climate to build confidence in climate change
scenarios. As discussed above, there is evidence that high-resolution convectionpermitting models can resolve precipitation extremes more accurately compared
to climate models with convection-parameterization schemes. However, running
convection-permitting models requires large computational resources, and therefore, the added value provided by such models needs to be addressed.
To study the first research question, the past changes and the present-day characteristics of precipitation extremes were studied with a long-term observational
dataset retrieved from in situ rain gauges over the Nordic-Baltic area. For the
second research question, climate model simulations were conducted with a stateof-the-art regional climate model, HARMONIE-Climate (HCLIM), over the NordicBaltic region spanning from 13 to 21 years in the present-day climate. To showcase a novel application of the regional climate model data, the HCLIM simulations
were also used to drive a road weather model, RoadSurf. In this thesis, the HCLIM
and RoadSurf simulations were evaluated comparing the model results to several
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observational datasets. The third research question was addressed by performing
21-year-long convection-permitting model simulations within the Nordic Convection Permitting Climate Projections (NorCP) project. In this thesis, the added value
provided by the convection-permitting model setup was investigated, especially in
its ability to resolve precipitation extremes.
The rest of the thesis is structured as follows: Section 2 gives a brief introduction to regional climate models along with convection-permitting models and
precipitation formation processes. Section 3 introduces the used models, observational datasets, and methods. Section 4 gives an overview of the observed changes
in heavy precipitation events, the model performance in the present-day climate
as well as the added value provided by the convection-permitting model setup.
Section 5 discusses the results of the thesis while Section 6 summarizes the results
and gives future directions.
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2 BACKGROUND
2.1 REGIONAL CLIMATE MODELS
Regional climate models (RCMs) are one of the key tools that can be used to produce high-resolution climate information suitable for applications of vulnerability,
impacts, adaptation, and climate services (Giorgi 2019). RCMs are used to downscale coarser 3D climate information that provides initial and lateral boundary
conditions for RCMs. Therefore, the concept is often called dynamical downscaling or nesting. The lateral boundary information is provided either by reanalyses
that are the best representations of the past atmospheric states or global climate
models (GCMs) (Lucas-Picher et al. 2021). It needs to be noted that the quality of
the driving GCM affects the quality of the RCM model output (Denis et al. 2002).
RCMs are run at high horizontal resolutions (commonly 10–25 km) over a limited
area while the GCMs are typically run with horizontal grid spacings of 25–300 km
covering the whole globe. Generally, the horizontal grid spacing of the coarser
model should be at a maximum of 12 times larger compared to the targeted grid
spacing of the RCM (Prein et al. 2015; Lucas-Picher et al. 2021). Higher resolutions require the use of shorter model time steps to ensure numerical stability.
Furthermore, also the vertical resolution needs to be sufficient.
In climate models, the Earth’s atmosphere is divided into a three-dimensional
grid in which a range of Earth system processes and their interactions are represented by physical equations. Parameterizations are needed to represent important
processes that take place on smaller scales compared to the grid spacing of the
model, which is considered to be one of the main sources of model errors and
uncertainty (Prein et al. 2015). Especially, deep convection is one critical subgrid process that typically needs to be parameterized in case of grid resolutions of
above 10 km. Many studies have shown that the use of a convection parameterization scheme leads to a misrepresented diurnal cycle of convective precipitation,
underestimated hourly precipitation intensities, and overestimated frequencies of
low-intensity precipitation events (Prein et al. 2015).
Compared to coarser-scale models, the high resolution in RCMs improves the
representation of fine-scale land-surface interactions and atmospheric processes,
especially over regions with highly variable orography and land-sea contrasts
(Rummukainen 2016; Gutowski et al. 2020). RCMs can also be used to provide climate change information for impact researchers, stakeholders, and policymakers
(Fig. 1). The RCM simulations of present or future climate can further be employed in impact modeling, such as hydrological or road weather models. For
instance, RCMs can provide input data for road weather models that can be used
to study the impacts of regional climate on road surfaces and driving conditions.
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Figure 1. The modeling chain between global climate models or reanalysis data,
regional climate models, analysis, and end-users.

2.2 CONVECTION-PERMITTING MODELS
Convection-permitting regional climate models (CPRCMs or CPMs) can be used to
downscale the RCMs to even finer grid resolutions. Typically, the grid resolution of
CPRCMs varies between 1–4 km which allows to switching off the deep convection
parameterization scheme and permits deep convection to be explicitly resolved
(Lucas-Picher et al. 2021). However, CPRCMs still include parameterizations of
smaller-scale processes, such as shallow convection and cloud microphysics.
Generally, the hydrostatic approximation used in RCMs does not hold at horizontal grid spacings of less than 10 km. The hydrostatic approximation considers
a balance between the downward-directed force of gravity and upward-directed
vertical pressure gradient force, i.e. the decrease of pressure with height (White
et al. 2005; Cullen 2007) reducing the vertical momentum equation as
∂p
= −ρ g
(1)
∂z
where p is pressure, z the distance above the ground, ρ density, and g the gravitational constant (Salmon 1988; Holton 1992). Generally, this assumption holds for
atmospheric phenomena that are wider than they are tall in a stable and neutral
atmosphere (Maurya et al. 2020). The Earth’s atmosphere is, on average, close to
the hydrostatic equilibrium. However, the hydrostatic balance can be disturbed,
for instance, in the case of dense cloud formation and deep convection. Therefore,
a non-hydrostatic dynamical core, i.e. the large-scale adiabatic part of a model,
needs to be used in high-resolution CPRCMs.
Many studies have shown that explicit deep convection and finer representation of topography in CPRCMs add value especially on small spatial and temporal
scales and over areas with steep orography. Improvements can be found for subdaily extreme precipitation as well as the timing and amplitude of diurnal cycle
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of convective events, among others (Prein et al. 2015). Also, near-surface temperatures, winds, snowfall, and surface snow cover are better resolved in CPRCMs
compared to RCMs over complex topography (Lucas-Picher et al. 2021).

2.3 PRECIPITATION FORMATION
This section covers precipitation formation processes of which especially deep convection is better resolved in CPRCMs compared to coarser resolution climate models. When air is rising, its pressure decreases and it expands leading to adiabatic
cooling. Cooler air can hold less water vapor, and with sufficient cooling, air can
become saturated, i.e. reach relative humidity of 100 %. If the ascent continues
or moisture is added to the air, relative humidity can rise above 100 %, which is
called supersaturation (Rogers and Yau 1996). When air is supersaturated, cloud
droplets can form if enough water is condensed on micron and sub-micron-sized
aerosol particles, i.e. small liquid or solid particles suspended in the air. Rain
droplets can form via collision and coalescence of the cloud droplets or via interactions between cloud droplets and ice crystals (Rogers and Yau 1996). Supercooled
cloud droplets, ice particles, or a mixture of these can exist in clouds in which the
cloud top extends to temperatures below 0 ◦ C. Supercooled liquid droplets can exist below 0 ◦ C, but usually with temperatures warmer than -10 ◦ C (Pruppacher and
Klett 1996). Ice can be formed, for instance, by direct deposition (sublimation) of
water vapor to the solid phase and by freezing of the liquid droplets. Depending
on how precipitation is formed, it can fall in either liquid or solid phases. Liquid
forms are rain and drizzle while the solid forms include snow, ice crystals, hail,
and graupel. However, phase changes can occur before precipitation reaches the
ground due to the vertical air temperature profile. For example, snow can melt
into raindrops in case the surface temperature is above 0 °C (Sankaré and Thériault 2016).
There are several ways in which air can rise or be lifted to reach saturation, i.e.
to the lifting condensation level (LCL). Different precipitation formation methods
can be divided into stratiform, convective, and orographic (Poujol et al. 2020).
Based on Houze (1993), precipitation can be defined as stratiform when the upward vertical motions producing precipitation are smaller than the speed of falling ice crystals and snow (1–3 m s−1 ). Stratiform precipitation can be formed via
a low ascent of air in synoptic systems, such as cold or warm fronts. The lessdense warmer air overrides more dense colder air when air masses with different
densities collide, which in the right conditions leads to saturation and further, to
precipitation.
Orographic precipitation can be generated by a large-scale flow of moist air

24

rising across the side of elevated land formations, such as mountain ridges. In the
case of relatively consistent winds (for example, the westerly wind belt in Norway),
the prevailing climate is usually more moist on the windward side of the mountain
compared to the downwind side. This is because orographic precipitation occurs
on the windward side leading to drier and warmer air on the downwind side as
the air descents leading to adiabatic warming.
Emanuel (1994) defines atmospheric convection as small-scale thermal direct
circulation which is caused by the effects of gravitation on an unstable vertical
distribution of air mass. Convection can be divided into two modes: mostly nonprecipitating shallow convection that has a shallow vertical extent of 1.5–2 km
and reaches the boundary layer inversion depth with bases below 1 km altitude as
well as deep convection that can extend to the upper troposphere or even to the
tropopause producing intense precipitation events and thunderstorms. The size of
an individual convective cell is usually between 1 and 10 km, but they can also form
larger mesoscale convective systems. These systems usually consist of multiple
organized deep convective cells which can produce a contiguous precipitation area
of 100 km or more on the horizontal scale in at least one direction (Houze 1993).
To initiate convection, some specific air parcels have to be warmer and lighter
compared to the surroundings and start rising making the air parcels buoyant.
If the air parcels can rise above a level in which they become positively buoyant
(i.e. above the level of free convection; LFC) and the layer with positive buoyancy
is deep enough (i.e. the convective available potential energy, CAPE, is high),
deep convection can occur (Markowski and Richardson 2010). Air parcels are
negatively buoyant below that level and lifting by external forces is required in
case of convective inhibition (CIN). Therefore, the initiation of deep convection
can often be associated with air mass boundaries, such as synoptic fronts and sea
breezes or heat-driven orographic circulation (Markowski and Richardson 2010).
The lifecycle of an ordinary single cell starts with an existing updraft that leads
to the towering cumulus stage (Fig. 2a). The following mature stage (Fig. 2b) develops large-enough precipitation that falls downwind. Also, an anvil is formed. A
major part of the hydrometeors evaporates before reaching the ground and therefore, cool the environment by consuming the latent heat of evaporation, which induces a cold downdraft. A gust front forms to the leading edge of the downdraft.
The dissipating stage (Fig. 2c) starts when the downdraft dominates the cell and
the cooled air spreads out of the updraft, which means that the updraft is not maintained. Finally, the convective cloud is dissipated to a long-lasting anvil consisting
of mainly ice crystals. Multicellular convection can occur if convection is triggered
repeatedly along the gust front, especially with moderate vertical wind shear conditions (i.e. the difference in wind speed or direction that occurs at increasing
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heights in the atmosphere).
(a)

Height (km)

5–8 km

1. Towering cumulus stage

(b)

(c)

8–16 km

8–11 km

2. Mature stage

3. Dissipating stage

Figure 2. The stages of an ordinary convective cell: (a) towering cumulus stage,
(b) mature stage, and (c) dissipating stage. Based on Markowski and Richardson
(2010).
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3 MATERIALS AND METHODS
3.1 MODELS
3.1.1 REGIONAL CLIMATE MODEL
Papers II, III, and IV employed the cycle 38 of the regional climate model
HARMONIE-Climate (HCLIM38; Belušić et al. 2020) that is used to model the
Earth’s atmosphere and is based on the ALADIN-HIRLAM numerical weather prediction (NWP) system (Bengtsson et al. 2017; Termonia et al. 2018). Similar to
other RCMs, important atmospheric processes, such as radiation, turbulence, shallow convection, and microphysics, are parameterized in HCLIM38. The high resolution in RCMs compared to coarser-resolution models brings new challenges to
the used parameterization schemes and for instance, the surface parameterizations. In HCLIM38, the surface parameterization framework is SURFEX (Surface
Externalisée) in which e.g. towns are represented with a town energy balance
scheme (Masson et al. 2013). SURFEX represents subgrid surface heterogeneity
using a tiling approach in which the ocean and land surfaces are split into four
tiles: continental natural surfaces, sea, and inland water in addition to towns. In
HCLIM38, continental natural surfaces are divided into two patches, open land
and forest.
The HCLIM38 modeling system includes three different model configurations,
namely HCLIM38-ALADIN, HCLIM38-ALARO, and HCLIM38-AROME, that can be
adapted for different horizontal grid resolutions (Fig. 3). For convenience, the
shorter ALADIN, ALARO, and AROME acronyms will be used, respectively. ALADIN
is the current default option for grid resolutions over 10 km. It is used with hydrostatic dynamics and it parameterizes shallow and moist deep convection. AROME
is designed for convection-permitting resolutions (< 4 km) and it is used with
non-hydrostatic dynamics. Deep convection is resolved explicitly but shallow convection is parameterized. Usually, when low-resolution GCMs are downscaled,
an intermediate model step is needed in between the GCM and the convectionpermitting model to avoid too large resolution jumps (Prein et al. 2015). ALADIN
can be used as an intermediate model step between GCMs and AROME. The performance of ALADIN and ALADIN-driven AROME is evaluated in Paper III and
Paper IV.
There is a gap between the grid spacing of 10 km and the convection-permitting
scales of less than 4 km. This gap is usually called "the grey zone" since the traditional convection parameterizations are not valid but convection cannot be explicitly resolved either. While simulations within the grey zone should be avoided
with AROME and ALADIN, simulations in the convection grey zone can be per-

27

Mesoscale

HCLIM38
ALADIN

Grey zone
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~ 1 km

HCLIM38
ALARO
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Figure 3. The recommended horizontal grid resolutions for the three model configurations in HCLIM38. Figure from Belušić et al. (2020).
formed with ALARO. ALARO includes a scheme which takes into account that the
size of the convective cells becomes significant compared to the grid spacing of the
model when the model resolution is finer. Similar to ALADIN and AROME, shallow
convection is parameterized in ALARO. The ALARO model configuration is evaluated in Paper II. It is good to note that the three model setups include different
parameterizations for convection, radiation, turbulence, and microphysics.

3.1.2 ROAD WEATHER MODEL
A one-dimensional road weather model RoadSurf (Kangas et al. 2015) was applied
in Paper II. RoadSurf solves the energy balance at the ground surface and calculates the vertical heat transfer into the ground as well as between the ground and
the atmosphere (Fig. 4). RoadSurf parameterizes hydrological processes including accumulation of rain and snow, run-off from the surface, evaporation, melting,
sublimation, and freezing. The road surface friction is estimated with a numerical
statistical equation (Juga et al. 2013). The model assumes a flat horizontal surface for which the thermodynamic properties are similar for every simulated point.
The first two layers are always assumed to be asphalt. Topography is accounted
for implicitly through the input data, but the model does not include any shading
elements, such as trees. Also, the effect of traffic is included as the traffic is assumed to pack some of the snow into ice while the remaining snow is considered
to be blown away from the road. On the other hand, wintertime road maintenance
actions, such as salting and snow plowing, are not taken into account because the
model is utilized to plan these maintenance operations.
The inputs of RoadSurf are near-surface air temperature, near-surface relative humidity, precipitation, downwelling shortwave and longwave radiation, and
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Figure 4. A schematic of the energy balance used in the RoadSurf model.
Figure reprinted with permission from Kangas et al. (2015) (Licence no.
5190210301357).
10 m wind speed. In operational use, RoadSurf initializes road conditions utilizing observations from meteorological and road weather stations as well as radars.
RoadSurf can also be used to forecast road weather for the upcoming days using NWP model data. In Paper II, RoadSurf was modified to utilize the regional
climate model data from ALARO. Also, the bottom layer ground temperature simulated by ALARO was utilized in RoadSurf. This parameter is not required as an
input by the operational version in which it is estimated by an equation based on
only one measurement site located in Southern Finland. The outputs of RoadSurf
include road surface temperature, surface friction, road surface conditions, the
water, snow, and ice storages on the road (called storage terms) as well as a traffic
index describing the prevailing driving conditions. The model includes eight road
surface condition classes (dry, damp, wet, wet snow, dry snow, frosty, partly icy,
and icy) based on the road surface temperature and the sizes of the storage terms.

3.2 DATA
3.2.1 MODEL SIMULATIONS
All regional climate model simulations considered in this thesis were performed
with the HCLIM38 model. In Paper II, ALARO was run over the Nordic region
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(151 x 181 grid boxes) with 12.5 km horizontal grid resolution for a period from
2002 to 2014. The years 2000 and 2001 were considered a spin-up and were not
included in the analysis. RoadSurf was run offline utilizing the hourly outputs from
ALARO. In Paper III and Paper IV, the model experiments were performed with
double nesting. First, ALADIN was run over a large part of Europe and the eastern
Atlantic (313 x 349 grid boxes) with a 12 km grid resolution covering 1998–2018.
The first modeled year, 1997, was considered a spin-up. AROME was run over
the Nordic region (637 x 853 grid boxes) with a horizontal grid resolution of 3
km with boundary data from ALADIN updated every 3 hours. Both ALADIN and
AROME produced outputs for each hour, except for precipitation that was available
every 15 minutes in AROME. The sea surface (sea-surface temperature and sea-ice
concentration) and lateral boundary data for both ALARO and ALADIN were taken
from the ERA-Interim reanalysis data (Dee et al. 2011) every 6 h. ALARO and
ALADIN model setups were run with hydrostatic dynamics, 65 vertical levels, and
a time step of 300 s. The AROME setup was run with a non-hydrostatic dynamical
core, 65 vertical levels, but the time step was shorter, 75 s. The simulated domains
are shown in Fig. 5.
In all Papers II, III, and IV, the analyzed regions were sufficiently far away
from the lateral boundaries. Boundary effects have been estimated to extend some
six times the grid spacing of the lateral boundary data (Matte et al. 2017), and
therefore, the affected distance is 480 km for the ALARO and ALADIN domains as
both of these models are driven by the reanalysis data that has a grid resolution of
∼80 km. In AROME, the affected distance is around 72 km. For the ALARO run,
the distance from the analyzed region to the boundaries was in places less than
480 km, but still around 200 km. Therefore, the distance is considered adequate.

3.2.2 ROAD WEATHER OBSERVATIONS
In Paper II, the RoadSurf model simulations were compared with observations
measured at 25 road weather stations located in different parts of Finland. The
nearest grid cell to each station was selected for the analysis. It needs to be kept
in mind that the road weather observations are point measurements that are compared with an areal average over the model grid cell. Observations of road surface
temperatures and conditions were provided by the Vaisala ROSA road weather
package and Vaisala DRS511 sensors that were installed on the road surface (Vaisala 2022). The data availability was on average 79 % between 2002 and 2014.
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Figure 5. Model domains used in Papers II, III, and IV. The color scale represents
the altitude in meters. The country borders used in the analysis are marked with
magenta.

3.2.3 IN SITU OBSERVATIONS
In Paper I, the annual maximum 1-day precipitation (Rx1d hereafter) measured
at a dense station network over the Nordic-Baltic region was studied. In addition,
the date of occurrences of the annual maxima was collected and studied. The
number of stations with 30-year long time series was at its densest in 1969–2020
(Fig. 6). Paper I especially concentrated on 724 time series that had at least a
data availability of 80 % during 1969–2020. Additionally, long-term trends were
studied utilizing 138 time series that contained at least 80 % of the data during
1901–2020. The records of observed daily precipitation were studied at 5058
stations.
There are some limitations in the Rx1d dataset. First, the differences in station density and the length of the time series bring some heterogeneity in the
data when studying the temporal and spatial variability of annual maximum pre-
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Figure 6. Number of digitized daily precipitation series covering the Nordic-Baltic
countries with time. Red lines indicate the densest recent period of 1969–2020.
Figure from Paper I.
cipitation. In addition, gauge types as well as the exact locations of the stations
might have changed during the years. Furthermore, the annual maximum values
were extracted with slightly different criteria depending on the country. The used
criteria varied from excluding years with more than a certain number of missing
observations to excluding years with crucial months missing while some countries
did not apply any limits. However, the criteria were adapted to each country’s
climate and therefore, the uncertainty related to the different extraction criteria is
assumed to be acceptably low.
The Rx1d dataset was utilized in Paper IV to evaluate the performance of the
HCLIM38 model. In addition, Paper IV employed annual maxima of 1-hour precipitation measured over the Nordic area. The analysis in Paper IV was restricted
to the years 1998–2018, and no missing values were accepted. This resulted in 648
stations at the daily scale over Finland, Denmark, Norway, and Sweden and in 116
stations at the hourly scale over Denmark, Norway, and Sweden. In addition, in
situ observations of precipitation and snowfall were used in Paper III.
Similar to the daily data, also the hourly annual maximum precipitation data
include uncertainties. These uncertainties can stem from instrument errors, quality checks, and the possible undercatch of precipitation. The undercatch can be
large especially for windy conditions or snowfall (Adam and Lettenmeier 2003;
Rubel and Hantel 2001). Rubel and Hantel (2001) have estimated that the undercatch is around 20–50 % in winter and 2–5 % in summer in the Baltic sea region.
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3.2.4 GRIDDED OBSERVATIONS
In Papers II, III, and IV, the HCLIM38 model results were compared to several
gridded observational datasets. In order to compare the model to gridded observations, the data was remapped to the coarsest grid before the analysis, temperature
with a bilinear and precipitation with a first-order conservative remapping method.
The observational datasets used in Papers II, III, and IV are summarized in Table
1 along with their references.
Table 1. A summary of the gridded observational datasets used for the model
evaluation in Papers II, III, and IV.
Data
CLARA-A2
E-OBS
ERA5
HIPRAD
Klimagrid
NGCD
seNorge

Resolution (grid/time)
0.25◦ / Daily
0.1◦ / Daily
31 km / Hourly
2 km / Hourly
1 km / Hourly
1 km / Daily
1 km / Hourly

Time period
1998–2015
1998–2018
1998–2018
2005–2014
2011–2018
1998–2018
2010–2018

Domain
Global
Europe
Global
Sweden
Denmark
Fennoscandia
Norway

Reference
Karlsson et al. (2017)
Cornes et al. (2020)
Hersbach et al. (2020)
Berg et al. (2016)
Wang and Scharling (2010)
Tveito and Lussana (2018)
Lussana et al. (2018)

Paper II utilized the version 19.0e E-OBS dataset of gridded daily precipitation
and near-surface air temperature observations that are extracted from the in situ
stations and then interpolated. The data covers the pan-European domain with a
horizontal grid resolution of 0.1◦ (∼ 12 km). Paper III and Paper IV employed
version 20.0e of E-OBS. All Papers II, III, and IV utilized the ensemble means of
the daily realizations of the 100-member ensemble that can be considered as grid
box averages. Lapse rates of 0.64 and 0.65 K/100 m were used in Paper II and
Paper III, respectively, to compensate for the differences between the topography
in the model and E-OBS for the evaluation of air temperature.
The Nordic Gridded Climate Dataset (NGCD) dataset of gridded daily air temperature and precipitation was employed in Paper III and Paper IV. This dataset
is similar to E-OBS, but it includes a finer grid resolution of 1 km. The utilized version was 19.03 which interpolates the in situ data with a Bayesian interpolation
method.
Papers II, III, and IV utilized the ERA5 reanalysis product that combines
numerical weather models and data assimilation of observations. The dataset
provides many variables including precipitation, total cloud cover, shortwave and
longwave radiation, wind speed, near-surface relative humidity as well as sensible and latent heat fluxes. The time resolution in ERA5 is one hour and the grid
resolution is around 30 km.
The CLARA-A2 dataset of cloud cover and shortwave radiation was used in Pa-
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per III. The data is derived from the Advanced Very High-Resolution Radiometer
sensor which is carried by operational meteorological satellites. The grid resolution of CLARA-A2 is 0.25◦ with daily coverage.
National high-resolution gridded observations of hourly precipitation were
used in Paper III and Paper IV. These included a radar-based HIPRAD dataset
covering Sweden with a 2 km grid resolution as well as Klimagrid and seNorge
datasets which are in-situ-based interpolated observations covering Denmark and
Norway, respectively, with a 1 km grid resolution. HIPRAD data is corrected with
daily scaling factors from the PTHBV observational dataset that includes undercatch correction.
It is good to note that also gridded observational products include uncertainties. For instance, undercatch is present in precipitation datasets that are interpolated from in situ station data. Furthermore, uncertainty originates from the
interpolation process of in situ measurements. Especially precipitation can be underestimated over complex topography and areas with sparse data coverage (Prein
and Gobiet 2017). Interpolation can also lead to smoothing of the spatial variability and therefore, underestimation of extremes (Hofstra et al. 2010). In Paper
IV, the effect of interpolation on the results was studied by geographic sampling,
i.e. selecting the grid cells from both the model simulations and observations that
included at least one weather station. In case the model has a horizontal grid resolution of tens of kilometers or finer, some model grid cells are likely compared to
interpolated observational values and not to actual measurements. For instance,
Risser and Wehner (2020) recommended geographic sampling when comparing
precipitation extremes from a high-resolution model to gridded observations.

3.3 METHODS
3.3.1 EXTREME VALUE ANALYSIS
Extreme precipitation was studied with extreme value analysis (Coles 2001) in
Paper I and Paper IV. Extreme value analysis was used to compute the return
levels of daily precipitation in Paper I and also hourly precipitation in Paper IV.
Return level refers to the amount of precipitation that occurs on average every T
years (the return period). Return levels can be used as design values, i.e. values
that can be utilized in the design of infrastructures, such as storm drains and dams.
Return levels are sensitive to the time period used in the extreme value analysis
if the statistical properties change in time. Therefore, the changes in the return
levels were analyzed by performing the extreme value analysis for separate 30-year
periods in 1901–2020 in Paper I. In Paper IV, the return levels were computed
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for 1998–2018 assuming stationarity, i.e. that the statistical properties including
mean and variance do not change in time. The assumption was tested with the
Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test (Kwiatkowski et al. 1992). The
results from the KPSS test indicated stationarity for more than 90 % of the in situ
stations and grid cells in the HCLIM38 model and gridded observational datasets.
In both Paper I and Paper IV, annual maximum precipitation data were used to
fit the generalized extreme value (GEV) distribution to estimate the return levels.
This block maxima method removes the effect of seasonality and ensures that the
selected maximum values are independent. For a random variable (x), the cumulative distribution for the GEV is given by
¨
x−µ
e x p{−[1 + ξ( σ )]−1/ξ }, ξ ̸= 0
F (x) =
(2)
x−µ
e x p{−e x p[−( σ )]},
ξ=0
where µ is the location, σ the scale, and ξ the shape parameter. The location
parameter refers to the center of the GEV distribution and therefore, shifts the
distribution to the left or right. The scale parameter affects the dispersion while
the shape parameter controls the skewness and the heaviness of the tail. Figure
7 shows the effect of the shape parameter on the resulting return level curves.
Depending on the shape parameter, the return level curves can follow either Gumbel (ξ = 0), Fréchet (ξ > 0), or Weibull (ξ < 0) distributions. The Gumbel and
Fréchet distributions lead to exponential and heavy upper tails, respectively. In
the Weibull distribution, the upper tail is bounded and approaches some limit.
Several possible methods can be used to estimate the parameters. In Paper I,
the parameters were estimated with the maximum likelihood approach (Prescott
1980). Paper IV utilized a modified maximum likelihood method that included a
Bayesian prior distribution for the shape parameter (Martins and Stedinger 2000;
Frei et al. 2006). It prevents the estimation of unrealistic shape parameters if the
sample size is relatively small. Hence, this method is used in several other studies
(Frei et al. 2006; Rajczak et al. 2013; Rajczak and Schär 2017; Ban et al. 2020).
When the parameters are estimated from the data, return values can be computed
for different return periods using the quantile function that can be written as
¨
F

−1

(x) =

µ + σξ {[−l n(x)]−ξ − 1},

ξ ̸= 0

µ − σl n{−l n(x)},

ξ=0

(3)

To reduce the sensitivity of the choice of extreme value distribution and parameter
estimation method, only a relatively short return period of 5 years was used in Paper I. To account for the possible non-stationarity of precipitation climate during
1901–2020, return levels were also computed by fitting a non-stationary GEV dis-
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Figure 7. The impact of the shape parameter on the return level curves. The xaxis represents the logarithm of the return period and the y-axis the return level.
Fréchet distribution (ξ = 0.2) is at the top, Gumbel distribution (ξ = 0) in the
middle, and Weibull distribution (ξ = −0.2) at the bottom. Here, σ is set to 1 and
µ to 0.
tribution in which the location parameter was allowed to vary with time. In Paper
IV, return levels were computed for return periods of 5, 10, and 20 years.

3.3.2 TREND ANALYSIS
The non-parametric Mann-Kendall trend test (Mann 1945; Kendall 1975) was used
to study the trends in the observed annual maximum daily precipitation during
the periods of 1969–2020 and 1901–2020. The Mann-Kendall test is known to
be suitable for non-normally distributed hydro-meteorological time series. It tests
if the independent and identically distributed data has a monotonic increasing or
decreasing trend (Yue and Pilon 2004).
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4 OVERVIEW OF THE RESULTS
4.1 OBSERVED CHANGES IN HEAVY PRECIPITATION
This section shows the main results of Paper I. The daily return levels of the 5-year
return period (M5) are similar over the Nordic and Baltic countries based on the
stationary GEV analysis. The M5 values tell the precipitation amount per day that
occurs on average every 5 years. Finland has a few lower M5 values whereas the
west coast of Norway has higher values compared to the rest of the region. Based
on the non-stationary GEV analysis, the M5 values have increased from 1969 to
2020 (Fig. 8a) indicating intensifying precipitation extremes. The increase has
been up to 10 % at most of the stations. An increase of more than 20 % can be seen
in Southern Norway and at some stations in Finland whereas a slight decrease is
detected over central parts of Sweden and some scattered stations over the region.
Furthermore, the M5 values are clearly higher in the most recent 30-year period
of 1969–2020 and 1901–2020 as shown in Fig. 8b.
In addition, annual maximum daily precipitation (Rx1d) events have intensified during the study periods of 1969–2020 and 1901–2020. Significant positive
trends are found over southeastern Norway, southern Sweden, and scattered over
Finland and the Baltics. Significant negative trends occur in southern parts of Norway and Sweden while non-significant negative trends are concentrated especially
in the inland areas of Sweden, southern parts of Finland, and coastal regions of
Norway.
Most of the annual maximum precipitation events occur between July and October. In Finland, Sweden, and the Baltics, the most frequent month of Rx1d
occurrence is July while it is August in Eastern Norway and Denmark. The annual maxima occur somewhat later in the year in today’s climate compared to the
1900s; there has been a small shift from summer occurrence towards autumn.
In some stations in Norway, the Rx1d events are found more than 20 days later
in the current climate. Although the majority of the stations experience a later
occurrence, an earlier occurrence of Rx1d is evident at a third of the stations.
The highest measured 1-day precipitation values mainly vary between 50 and
100 mm excluding the coast near south-western Norway where the records are
higher than 100 mm. There are, however, some occurrences of very large precipitation values in all countries. The record event of 229.6 mm in the region occurred
in November 1940 in south-western Norway due to an orographic precipitation
event.
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Figure 8. (a) Changes in M5 values (1969–2020) based on the non-stationary
GEV analysis with time-varying location parameter. Significant trends according
to the Mann-Kendall test are depicted with black outer circles. (b) Boxplots of M5
based on the stationary GEV analysis for three time slots between 1969 and 2020
(upper figure), and for five time slots between 1901 and 2020 (lower figure).
Boxes depict the lower (0.25) and upper (0.75) quantiles, and the bolded line
represents the median (0.5 quantile). The histogram describes the occurrences of
M5 values considering the classes of the sub-figure (a). Figure from Paper I.

4.2 MODEL PERFORMANCE
4.2.1 REGIONAL CLIMATE MODEL
All three HCLIM38 regional climate model setups, ALARO (Paper II), ALADIN
(Paper III), and AROME (Paper III) showed sufficient performance in capturing
the characteristics of present-day climate over 2002–2014 (ALARO) and 1998–
2018 (ALADIN and AROME). The found biases are in line with other RCM simulations conducted over the Nordic region (see Discussion). Precipitation is mainly
overestimated in ALARO, ALADIN, and AROME throughout the year compared to
an observational dataset, E-OBS, over Finland and the Nordic region (Fig. 9). The
largest biases are found in spring and summer in all model setups. The biases in
ALARO and ALADIN are of the same magnitude despite the different model do-
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mains (Finland vs. the Nordic region). Although AROME improves the summertime precipitation statistics, it has larger biases in winter compared to ALADIN,
especially over the Scandinavian mountains, although using finer grid resolutions
in RCMs has generally been shown to improve the precipitation distributions over
complex terrain. On the other hand, the largest biases in ALARO, ALADIN, and
AROME are seen over the areas of high elevation and over the northern parts of
the domain where the observations show a minimum. These areas have a less
dense station network, which increases the uncertainty in the used observational
dataset, E-OBS. Furthermore, the undercatch is larger in winter compared to summer, which could explain some part of the model biases.

Figure 9. The differences of daily precipitation in ALARO, ALADIN, and AROME
compared to E-OBS for (a–c) December–January–February (DJF) and (d–f) June–
July–August (JJA). The time periods are 2002–2014 for ALARO and 1998–2018
for ALADIN and AROME. The fldmean represents the mean bias over the domain,
and the numbers in parenthesis depict fldmeans over Finland. The used reference
values can be found in Paper II and Paper III.
All model setups have a positive bias in near-surface air temperatures (Tai r )
in winter over most parts of Finland and Sweden and a negative bias over the
mountainous areas (Fig. 10). The warm bias in winter can be associated with
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higher minimum values of daily temperature in the model setups compared to
E-OBS. One cause of the underestimated minimum temperatures could be the underestimated most intense wintertime mean sea level pressure situations that are
associated with a blocking anti-cyclonic circulation pattern. In addition, it needs to
be noted that the modeled Tair values are weighted values from different surface
tiles and patches (open land and forest over natural surfaces). In situ stations are
usually located in open land areas or forest glades where the local conditions are
mainly colder in winter compared to forests due to generally higher albedo and
smaller roughness length that leads to a higher occurrence of stable conditions
and nocturnal cooling. When the open land Tai r is used instead of the grid cell
average, the positive bias in minimum temperatures in winter seen in Sweden and
Finland turns into a cold bias.

Figure 10. The differences of daily near-surface air temperature in ALARO,
ALADIN, and AROME compared to E-OBS for (a–c) December–January–February
(DJF) and (d–f) June–July–August (JJA). The time periods are 2002–2014 for
ALARO and 1998–2018 for ALADIN and AROME. The fldmean represents the
mean bias over the domain, and the numbers in parenthesis depict fldmeans over
Finland. The used reference values can be found in Paper II and Paper III.
The biases of daily temperature in summer are overall negative, which is
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caused by underestimated daily maximum temperatures. The daily maximum
temperature is too low due to overestimated cloud cover which causes a deficit in
simulated downwelling shortwave radiation (SW d ). ALADIN and AROME overestimate especially low-level clouds that have high opacity and can block some of
the incoming solar radiation. The underestimated SWd also leads to an underestimation of net surface radiation and further, to an underestimation of sensible
heat fluxes in ALADIN and AROME. In addition, ALADIN overestimates latent heat
fluxes, which can be due to the wet bias in precipitation. Overestimated latent heat
fluxes could, in turn, lead to a too moist planetary boundary layer and too high
cloud cover fractions. On the contrary, ALARO underestimates cloud fraction in
summer, although the underestimation is relatively small. This leads to overestimated SWd in northernmost Finland. Downwelling longwave radiation (LW d )
is mainly underestimated in all model setups, although both negative and positive
biases occur in ALADIN and AROME.

4.2.2 ROAD WEATHER MODEL
To showcase a novel application of RCM data in impact modeling, this section
shows the main results from Paper II in which ALARO data was used to drive
the road weather model RoadSurf over 2002–2014. Evaluation against 25 road
weather stations located in Finland revealed that the RoadSurf model results are
mainly in line with road surface temperature observations (Tr oad ) during an extended winter period from October to April, despite some biases.
The variability in the monthly biases of near-surface air temperatures (Tai r )
was shown to explain the majority of the variability in the monthly biases of Tr oad ,
especially in January and February (Fig. 11). Warm biases in the wintertime Tai r
reflect in the warm biases in Tr oad occurring in Lapland. Similarly, cold biases in
Tai r lead to underestimated Tr oad in Southern Finland. In addition, downwelling
longwave radiation seems to play a small role in the biases of Tr oad .
The road weather model must simulate temperatures close to 0 ◦ C accurately
as wet surfaces tend to freeze in these conditions (Vajda et al. 2014) which can
lead to increased slipperiness. RoadSurf captures well the number and variation
of zero-crossing days, counted as days when Tr oad was both below -0.5 ◦ C and
above 0.5 ◦ C. Another crucial aspect is snowy and icy road conditions which cause
a major part of wintertime and weather-related traffic accidents. The modeled
and observed road surface conditions (e.g. dry, damp, wet, snowy, frosty, icy)
are similar, although RoadSurf slightly overestimates icy and snowy conditions,
which might be partly caused by the absence of road maintenance operations in the
model. In addition, RoadSurf tends to underestimate observed damp conditions
that are mainly predicted as partly icy in the model.
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Figure 11. The mean monthly biases of road surface temperature (Tr oad ) against
(a) the mean monthly biases of near-surface air temperature (Tai r ) and (b) the
mean monthly biases of downwelling longwave or shortwave radiation (LWd for
October–March and SWd for April) at the road weather stations from 2002 to 2014.
The squared R values depict linear regression for different months. Figure adapted
from Paper II.

4.3 BENEFITS OF CONVECTION-PERMITTING MODELS
In Paper III and Paper IV, an added value is found in high-resolution convectionpermitting AROME over coarser-scale ALADIN, especially in capturing the subdaily precipitation over the analyzed period of 1998–2018. In addition, mean
daily precipitation is better represented in AROME compared to ALADIN in summer as seen in Section 4.2.1, while the biases are smaller in ALADIN in winter.
However, the annual fraction of solid precipitation (the number of days with solid
precipitation divided by the total number of wet days) is closer to observations in
AROME compared to ALADIN. This is mostly due to a better-resolved topography
in AROME as well as changes in the used physics schemes.
In summer, a significant part of precipitation is associated with convective
events that generate short-duration precipitation with moderate to high intensities (e.g. Prein and Gobiet 2017). Therefore, the smaller biases in AROME seen
in summer can be related to better resolved convective events. ALADIN overestimates the low-to-moderate precipitation intensities while underestimating the
highest intensities. In AROME, both of these shortcomings are reduced, although
AROME overestimates the highest precipitation intensities.
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Despite this overestimation, AROME still simulates the high-intensity precipitation events better compared to ALADIN as revealed by probability density functions and upper tail percentiles. In addition, AROME represents the diurnal cycle of
mean and heavy precipitation more realistically compared to ALADIN over Sweden
and Norway. Furthermore, the hourly return levels are captured substantially better in AROME than in ALADIN (Fig. 12). Explicitly resolved deep convection is a
very probable reason for the superior performance of AROME because the majority of the convective short-duration high-intensity events take place in summer as
mentioned earlier.

Figure 12. Hourly return levels in (a) Sweden, (b) Norway, and (c) Denmark for
ALADIN, AROME, ERA5, and in situ stations. Boxes depict the lower (0.25, Q1)
and upper (0.75, Q3) quantiles representing the interquartile range (IQR), and the
bolded line represents the median (0.5 quantiles). The whiskers show the range
from Q1-1.5IQR to Q3+1.5IQR. The data are shown in their native grids. Figure
adapted from Paper IV.
In addition, the results indicate that climate models should be compared to
several different observational datasets as the model performance varied depending on which dataset was used as a reference. For instance, comparing the model
setups to high-resolution national datasets instead of the coarser observational
dataset, E-OBS, leads to improved performance of AROME and deteriorated performance of ALADIN. The reason can be the smoothing of extremes in the coarserscale observations. Indeed, geographic sampling, i.e. selecting only the grid
cells with one weather station, affects the model evaluation. When geographic
sampling is applied, the biases in simulated heavy and extreme precipitation decrease in AROME and increase in ALADIN.
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5 DISCUSSION
Studying both the past changes and model performance in the current climate
is crucial to build more robust climate change projections over the Nordic region.
Paper I suggests that the heavy precipitation statistics have changed in the NordicBaltic region over the past 50 years towards a longer tail of the daily precipitation
distribution, assuming that majority of the values can be associated with rainfall
and not snowfall. In addition, annual maximum values occur slightly later in the
present-day climate compared to the 1900s. It is good to keep in mind the uncertainties related to observations, such as undercatch, changes in gauge types, or
station locations. For example, the design of windshields has improved with time
(Yang et al. 1999), which could mean reduced undercatch and therefore, higher
precipitation values towards the most recent decades.
Although the reasons for the increasing annual maximum values and their later
occurrences were not investigated, a part of the intensification is likely due to the
increasing temperatures in the region (e.g. Hartmann et al. 2013). Moreover,
the extended summer season means also a longer season of favorable conditions
for convection, which could explain the shift from summer occurrences towards
autumn. On the other hand, a part of the changes can be related to natural and
multi-decadal variability of precipitation. In addition, the trends and also return
levels are very sensitive for the selected time period as illustrated in Fig. 8. Constructing design values based on all available data between 1901 and 2020 leads
to lower design values compared to using only the most recent 30-year period.
Therefore, non-stationarity should be considered in the development of design
values in order to build a more robust infrastructure.
Based on the results from Paper II and Paper III, the features of present-day
regional climate, including precipitation, are sufficiently captured by the HCLIM38
regional climate model over the Nordic region. The biases of the coarser-resolution
model setups, ALARO and ALADIN, are of the same magnitude, while AROME resolves better some features, such as mean summer precipitation. The model biases over the study area are comparable to other regional climate models (see e.g.
Kotlarski et al. 2014; Belušić et al. 2020). For instance, the overestimation of lowto-moderate precipitation intensities and overestimation of the highest intensities
by ALADIN is a very common feature seen also in other coarse- resolution RCMs
(Berthou et al. 2020). It needs to be noted that model evaluation is dependent on
the quality of observations. The undercatch of precipitation and spatial smoothing
of extremes in gridded datasets lead to lower observed values, which might lead
to too excessive overestimation of precipitation seen in RCMs. As climate models
reach higher spatial resolutions, a robust model evaluation requires high spatial
and temporal resolution observations.
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Exploring model biases is important for model development as well as to build
confidence in future climate scenarios. It was found that the cold bias seen in
summer in ALADIN and AROME is mainly due to underestimated maximum daily
temperatures. These are, in turn, caused by a deficit in downwelling shortwave
radiation stemming from the overestimated cloud cover. However, further investigation is necessary for a better understanding of the causes of temperature, radiation, and cloud biases. For instance, sensitivity studies performed over Norway
indicated that a more realistic aerosol description in the HCLIM38 model could
reduce the negative bias in precipitation near the coastal regions and the positive
bias over complex mountainous regions (Landgren 2020).
RCMs can also be used to drive impact models. In Paper II, RCM data was
applied for the first time as an input in a road weather model. The results indicate
that RCM data can be used as a driver of the road weather model RoadSurf over
the Nordic region. The biases in road surface temperatures (Tr oad ) were, however,
slightly higher than what has been reported in previous studies (Karsisto et al.
2016; Karsisto et al. 2017). The differences can be explained by the differences
in forcing data: in previous studies, RoadSurf has mainly been forced with a highresolution numerical weather prediction model with a grid resolution of 2.5 km
allowing a better representation of local features and topography. Using finer grid
resolution in the driving RCMs has been shown to lead to improvements in other
impact models (Lucas-Picher et al. 2021). Therefore, there is potential to reduce
the biases in RoadSurf with finer grid resolutions used in the driving HCLIM38
model. Moreover, the biases in the input data, i.e. in the HCLIM38 model, clearly
affect the performance of RoadSurf. For instance, the biases in Tr oad are mainly
associated with the biases in air temperature (Tai r ). Also Karsisto et al. (2017)
noted that removing the bias from Tair leads to a 50 % decrease in the biases of the
nighttime Tr oad . Therefore, impact modeling can also benefit from the RCM model
development. However, it is not completely evident what part of the RoadSurf’s
biases stems from the input data and what is caused by the model itself. This could
have been investigated in more detail by bias correcting some of the needed input
parameters, such as Tair and precipitation.
In both Paper III and Paper IV, the high-resolution convection-permitting
AROME was found to improve precipitation statistics compared to the coarserresolution ALADIN. Benefits were especially seen for the representation of highintensity sub-daily precipitation events and their diurnal cycle. These findings
are in line with other studies performed over other parts of the world, including
Europe, Asia, Japan, and the USA (e.g. Lucas-Picher et al. 2021 and the references therein). While mainly precipitation statistics were studied in Paper III and
Paper IV, other studies have also indicated better-resolved storms, sea breezes
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as well as air temperatures and wind speeds over complex topography, among
others, in convection-permitting models (Lucas-Picher et al. 2021). However, the
reasons behind the found added value in sub-daily precipitation statistics were
not investigated in Paper III and Paper IV. Coppola et al. (2020) highlighted that
some single precipitation extreme events can be missed by CPRCMs. Even though
CPRCMs are generally not expected to reproduce the exact location and timing
of specific observed extreme events, similar events can be found in the model for
other time steps or locations leading to well-represented long-term statistics by
CPRCMs. For instance, Olsson et al. (2021) showed that although AROME was
not able to fully capture an observed extreme precipitation event in August 2014
over Malmö, another event of similar intensity was found for a different year. The
coarser resolution ALADIN was not able to produce as high intensities within the
entire 21-year-long study period. However, understanding the underlying processes and meteorological conditions leading to extreme events is needed to better
address the remaining shortcomings in CPRCMs.
Some studies have also revealed that CPRCMs respond differently to climate
change compared to coarser scale models. Kendon et al. (2014), Lenderink et
al. (2019), and Pichelli et al. (2021) found a stronger intensification of sub-daily
precipitation events with warming climate by CPRCMs. Accounting for the better resolved sub-daily precipitation in CPRCMs, these models are highly needed
for more realistic future scenarios of extreme precipitation events (Kendon et al.
2017). However, previous studies have emphasized that the ensemble approach,
i.e. utilizing results from several different climate models, is needed for a more
robust assessment of climate change at regional and global scales (e.g. Jacob et al.
2014; Jacob et al. 2020). Different models might lead to different climate change
responses, and thus, studying only one model introduces uncertainty in the projections. So far, the production of large CPRCM ensembles has been hindered because
running climate-scale CPRCM simulations (over 10 years) is computationally expensive. Therefore, computationally less demanding coarser-resolution RCMs and
GCMs have still their place in constructing climate change projections. Building
CPRCM ensembles requires coordinated collaboration and combined computational resources between several research institutes. The Coordinated Regional
Climate downscaling Experiment Flagship Pilot Study (CORDEX-FPS) initiative
(Coppola et al. 2020; Ban et al. 2021; Pichelli et al. 2021) and the NorCP project (Paper III) are successful examples of such collaborations.
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6 CONCLUSIONS AND FUTURE ASPECTS
The ongoing climate change is posing new challenges for northern high latitudes
that is experiencing accelerated future warming. Regional climate models (RCMs)
are useful tools to provide information on future climate for stakeholders and policymakers. RCMs can also be used as an input for impact modeling of hydrological
cycle and road weather, among others, in the Nordic region.
Similar to coarser scale climate models, RCMs include uncertainties especially
related to the way convection is treated in the model. This so-called parameterization of convection is shown to lead to an insufficient presentation of high-intensity
sub-daily precipitation events and their diurnal cycle. This uncertainty can be
reduced with convection-permitting regional climate models (CPRCMs) that resolve deep convection explicitly. However, running such models require demanding computational resources, and only recently, convection-permitting model simulations were performed over the Nordic region. Correctly represented precipitation extremes in RCMs are of importance due to their devastating nature through
flooding, landslides, and erosion events. Furthermore, exploring past trends in
precipitation extremes helps to put the future trends in context. This thesis aimed
to answer the following research questions:
Q1. What are the present-day characteristics and the past changes of precipitation extremes over the Nordic region?
Q2. How well are the features of regional climate represented in a state-of-theart regional climate model and RCM-driven road weather model over the
Nordic region?
Q3. What are the benefits of convection-permitting regional climate models?
The first question was addressed in Paper I. The 5-year return values of daily
precipitation are homogeneous over the Nordic-Baltic area, excluding some lower
values over Finland and higher values over the west coast of Norway. In addition,
the highest annual maximum records are similar among the countries with the
highest daily value of 229.6 mm recorded in south-western Norway. The majority
of the stations have experienced increasing annual maximum daily precipitation
values between 1969 and 2020. Also, the long-term changes between 1901 and
2020 are mostly positive. Significant positive trends are especially found in the
southeast of Norway, southern Sweden, and southwest of Finland while negative
trends are found in central Sweden. There has been a shift towards later occurrences of annual maximum events compared to the 1900s, which could be linked
with increasing temperatures in the region. Based on the results, the trends and
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computation of return periods are sensitive to the selected period. Therefore, the
non-stationarity nature of precipitation is important to take into account in the
construction of present-day design precipitation values.
The second research question was studied in Papers II, III, and IV by employing the regional climate model HCLIM38. In addition, a novel application of
the RCM data to drive a road weather model, RoadSurf, was shown in Paper II.
HCLIM38 includes three different model setups, ALARO, ALADIN, and AROME,
each suitable for different horizontal scales. Based on the results, all HCLIM38
model setups adequately capture the present-day climate characteristics, including precipitation extremes, over the Nordic region. The model biases are similar
in the coarser-resolution ALARO and ALADIN at 12 km grid resolution. The biases are also comparable to other RCM simulations conducted over the region. All
model setups overestimated mean daily precipitation. Cold bias in air temperature was detected in the summer linked with underestimated shortwave radiation
due to too large cloud fractions in ALADIN and AROME. However, more research is
needed to find the origins of these biases. It was also shown that the HCLIM38 can
successfully be used as driving data of the road weather model RoadSurf. RoadSurf captures well the observed road weather conditions, such as road surface
temperatures and road surface conditions compared to 25 road weather stations
in Finland. The biases in RoadSurf were associated with the biases in the driving
HCLIM38 model, especially with the biases in air temperature.
The third question was explored in Paper III and Paper IV which studied the
benefits and added value of the higher resolution HCLIM38 setup, AROME, at 3
km with explicitly resolved deep convection over the coarser-resolution ALADIN
setup at 12 km with convection parameterization. The results from both papers indicate that mean daily precipitation in summer as well as high-intensity sub-daily
precipitation are better resolved in AROME compared to ALADIN. Furthermore,
AROME produces more realistic diurnal cycles of mean and heavy precipitation.
The hourly return levels simulated with AROME are clearly closer to observations,
while they are underestimated in ALADIN. In addition, AROME improves the representation of solid to total precipitation over areas of high elevation. Although
more investigation is needed to quantify the reasons for the superior performance
of AROME over ALADIN in simulating the above-mentioned aspects, one probable
reason is the more realistically resolved characteristics of deep convection and the
more accurate representation of topography in AROME.
It is good to note that observations include uncertainties that complicate the
model evaluation. For instance, precipitation observations are prone to undercatch, notably during winter. Furthermore, the interpolation process of in situ observations can lead to high uncertainties especially over areas of high-elevations
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and sparse station networks. Gridded datasets are also associated with spatial
smoothing of extremes. This was partially overcome by geographic sampling,
i.e. by selecting only the grid cells with one weather station for further evaluation. Nonetheless, good temporal and spatial resolution observational datasets
are needed for a meaningful evaluation of high-resolution climate models.
The results of this thesis indicate that the HCLIM38 model can be used to estimate the impacts of climate change on the regional climate and precipitation
extremes over the Nordic-Baltic region. Moreover, climate change is expected to
increase precipitation extremes in the region as the extremes have already become
more heavy-tailed during the past decades. Ongoing work is devoted to analyzing
the future projections over Northern Europe produced within the NorCP project
with HCLIM38 at 3 km resolution. Another important task is to put the HCLIM38
simulations in context by comparing the results with other RCMs, something that
is ongoing as well. In addition, exploring the benefits of high-resolution HCLIM38
simulations for other parameters than precipitation will continue in the future.
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c
Climate System Research, Finnish Meteorological Institute, Helsinki, Finland
d
Department of Environmental Engineering, Technical University of Denmark, Lyngby, Denmark
e
Institute of Physics, University of Tartu, Tartu, Estonia
f
Forecasting and Climate Department, Latvian Environment, Geology and Meteorology Centre, Riga, Latvia
g
Department of the Built Environment, Aalborg University, Aalborg, Denmark
h
Institute of Geosciences, Vilnius University, Vilnius, Lithuania
i
Weather and Climate Change Impact Research, Finnish Meteorological Institute, Helsinki, Finland
b

A R T I C L E I N F O

A B S T R A C T

Keywords:
Heavy precipitation
Trend analysis
Heavy rainfall
Nordics
Baltics

Study region: The Nordic-Baltic region has experienced numerous flooding episodes resulting from
heavy rainfall. Such events are costly and may potentially threaten the safety of the population. In
this paper we present a temporally long and spatially dense dataset of annual maximum daily
precipitation and their date of occurrence measured in a large region covering Fennoscandia and
the Baltics (Dyrrdal et al., 2021, doi:10.11582/2021.00015).
Study focus: We analyse the long-term (1901–2020) changes at 138 stations and short-term
(1969–2020) changes at 724 stations for both annual maxima and their date of occurrence.
Further, we assess the climatology of heavy precipitation including record evens, as well as
changes in design values.
New hydrological insight for the region: Results show a majority of positive trends in daily annual
maxima and the 5-year return level, with hotspots in southeast of Norway, southern Sweden and
southwest of Finland. Generally, annual maximum precipitation events occur somewhat later in
the year now compared to the beginning of the last century. The 5-year return level is relatively
homogeneous across the Nordic-Baltic region, with values between 30 and 50 mm, except for a
few lower values in Finland and high values mainly exceeding 70 mm at the west coast of
Norway.

1. Introduction
Heavy and extreme precipitation, especially in liquid form, is associated with a variety of societal challenges. Different types of
slides and avalanches, river floods and urban floods occur as a consequence of prolonged or intense precipitation, while certain
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ecosystems may suffer from direct or indirect effects of heavy precipitation. Such events can also result in large and costly damages to
infrastructure, private property, agriculture, and some times human lives.
Here we examine heavy precipitation from a large station network in the Nordic-Baltic region. During recent years devastating
heavy rainfall events have been reported in all countries included in this study. Of relatively recent events we can mention October of
2014, when a large rain flood in the western part of Norway (Langsholt et al., 2015; DSB, 2015) resulted in damages on more than 1000
properties and cost about 40 million euro in insurance claims. Damages to roads and railways came in addition. Within the last decade
Copenhagen has experienced two major cloudbursts; July 2nd 2011 and August 31st 2014 when more than 125 mm fell in a few hours
and maximum intensities exceeding 30 mm in 10 min (Arnbjerg-Nielsen et al., 2015; Vejen, 2014). The same rainfall system hitting
Copenhagen in 2014 also reached Malmö, Sweden, flooding some 2200 buildings and resulting in damages exceeding 30 million euro
(e.g. Olsson et al., 2017). Further, a flooding event in Latvia in August and September of 2017 occurred as a result of 123.1 mm falling
in 24 h at Rezekne station, followed by the 3rd wettest September and 6th wettest October on record. These events altogether led to
damages to the agriculture sector with an estimated cost of 81 million euro (The Ministry of Agriculture of the Republic of Latvia,
2018).
As temperatures increase, the atmosphere can hold more moisture and the potential for more frequent and intense rainfall is
present. This is referred to as the Clausius-Clapeiron (CC) relationship (Trenberth et al., 2003) that predicts an approximately 7%
increase in precipitation intensity per degree Celsius. Heavy precipitation has been shown to increase even more with a warming
atmosphere compared to mean precipitation (e.g. Boucher, 2013), and Lenderink et al. (2017) showed that hourly precipitation ex
tremes have a response to warming exceeding the CC relation, arising from the response of convection to increases in near-surface
humidity. Further, Ali et al. (2021) found that the scaling of hourly extreme precipitation follows at least the CC rate at a regional
scale, but often exceeds the CC rate locally. Zeder and Fischer (2015) concluded that there is robust evidence for a forced climate signal
in annual and seasonal short- and long-duration extreme precipitation events in Central Europe, after detecting a significant scaling
signal with Northern Hemisphere temperature anomalies for all annual maximum and most seasonal maximum single-day and
multi-day precipitation events. As pointed out by Fischer and Knutti (2016), the response of precipitation to increased greenhouse gas
concentrations and consequent warming is complex, and different rainfall intensities often respond differently to warming. Moustakis
et al. (2020) uses hourly weather stations, 40 years of climate reanalysis and two convection permitting models to show that local
features of atmospheric convection, larger-scale dynamics and orography affect the dependence of extreme rainfall on surface tem
perature. Additionally, some changes in precipitation extremes might be explained by natural variability. E.g. Willems (2013) showed
that precipitation extremes have oscillatory behavior at multidecadal time scales, and in northwestern Europe larger and more pre
cipitation extremes have occurred around the 1910s, 1950–1960s, and the 1990–2000s, both in summer and winter. Changes in large
scale circulation, such as the North Atlantic Oscillation (NAO) (Hurrell, 1995), largely influence precipitation extremes in certain
regions. According to Pfahl et al. (2020) the dynamic contribution modifies regional responses of extreme precipitation in the future.
Westra et al. (2013) studied trends in a global dataset of 8326 annual maximum daily precipitation time series with at least 30 years
of data during 1900–2009. Statistically significant increasing trends were detected at the global scale, with close to two-thirds of
stations showing increases. A global study of century long gridded observations, reanalysis and model data showed that the frequency
of precipitation extremes has increased in more regions than it has decreased (Donat et al., 2016). Recently, Myhre et al. (2019),
showed that the frequency of heavy precipitation events are the main reason for an increase in total precipitation, and that the increase
of intensity is less significant. Benestad et al. (2019), however, indicated that the main cause of a general increase in the probability
that precipitation exceeds 50 mm/day has been a boost in the intensity of the rain. They found positive trends over the period
1961–2020 at most locations with observations longer than 50 years in Europe and the USA. Villarini et al. (2011) studied annual
maximum daily rainfall time series from 221 rain gauges in the Midwest United States with a record of at least 75 years, and found a
slight tendency to increasing annual maxima. Changes over time were less significant for higher quantiles.
An increase in total precipitation and extreme precipitation was detected in Fennoscandia in 1951–2002 and in the western part of
the former USSR in 1936–1997 (Groisman et al., 2005). Irannezhad et al. (2017) studied trends in a gridded 10 km × 10 km product
based on observed precipitation and results suggested significant increases in the frequency and intensity of precipitation extremes
over most parts of Finland during 1961–2011. Aalto et al. (2016) showed that near the same areas of significant increase in precip
itation in Finland during 1961–2010, significant positive trends in relative humidity were also found. Sorteberg et al. (2018) showed
mainly positive trends also for Norway, when studying changes in the highest measured daily precipitation for summer season during
1968–2017. In Dyrrdal et al. (2012) the intensity of daily annual maxima was shown to have increased in major parts of Norway during
1968–2010. In Sweden, Wern (2012) found increasing annual maxima from 1900 - to the 1930s, followed by a decrease until the 1970s
and again an increase until 2010.
Positive trends in the recurrence of daily heavy precipitation events were determined in all three Baltic states: Estonia (Paadam and
Post, 2011; Tammets and Jaagus, 2013), in Latvia (Avotniece et al., 2010, 2017) and in Lithuania (Rimkus et al., 2011), although the
periods and the definition of the events vary between countries.
Annual maxima are, in addition to representing heavy precipitation, the basis for estimating design precipitation used in the
planning and design of infrastructure in many countries. In the current study we examine heavy precipitation intensity from an
extensive dataset of observed annual maxima over a long historical period and covering a relatively large region of Northern Europe,
including Fennoscandia and the three Baltic countries. Also the date of occurrence corresponding to each annual maximum event is
included in the dataset. We have published the dataset in an open repository (Dyrrdal et al., 2021), available for public download and
conceivably useful for e.g. climatological studies and climate model evaluation. This dataset allows for an updated evaluation of
changes in heavy precipitation intensity and occurrence in the study region, short (since 1969) and long (since 1901) term. A sec
ondary objective is to study and document the spatial variability of extreme precipitation over the region, including record events.
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2. Data and study region
2.1. Data
We have collected series of annual maximum 1-day precipitation (hereafter; Rx1d) and date of occurrence (hereafter; dateRx1d)
(Dyrrdal et al., 2021) from a dense station network covering large parts of the Nordic-Baltic region (map in Fig. 1). If the same amount
was measured on several dates within the same year, the last date was selected. Additionally, we collected the highest measured event
at a larger network of 5058 stations in the same region. Series of Rx1d from the following countries are collected: Finland (412),
Sweden (813), Norway (605), Denmark (84), Estonia (27), Latvia (48), Lithuania (18), where the number of meteorological stations
with at least 30 years of Rx1d in the period 1845–2020 is indicated in parenthesis for each country. The total number of series with at
least 30 years of data is 2003, with a peak of 1760 stations in 1980. Fig. 2 shows the number of stations with digitized daily 30-year
long time series for the study region through time, where red lines indicate the most recent period with a relatively high station density
of digitized series; 1969–2020.
In the current study we focus on the following two subsets of the data mentioned above:
Dataset 1 724 time series containing at least 80% of data during the most recent period 1969–2020, when the station network is at
its most dense. A criterion of not more than 5 consecutive missing years was used. The station selection is shown as small dots and filled
circles in Fig. 1.
Dataset 2 138 time series with at least 80% data coverage during 1901–2020. The station selection is shown as open and filled
circles in Fig. 1.
Dataset 3 Records (highest value) at 5058 stations, regardless of time series length. The station selection is shown in Fig. 9.
Datasets 1 and 2 are subsets of the published dataset of Dyrrdal et al. (2021).

Fig. 1. Map over the study region, where Fennoscandia (Baltics) is indicated in light (dark) gray. Stations in Dataset 1 (724 time series containing at
least 80% of data during 1969–2020) are indicated as small black dots; stations in Dataset 2 (138 time series with at least 80% data coverage during
1901–2020) are indicated as open red circles, while stations included in both datasets are indicated as red circles filled with black. (For inter
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
3
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Fig. 2. Number of digitized daily precipitation series with time. Red lines indicate the period 1969–2020, covered by Dataset 1. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

2.2. Limitations in the data
Heterogeneities in our data introduced by differences in station density and time series lengths complicates the study of temporal
and spatial variability. Also, the procedure for accepting a value as a valid annual maximum varies somewhat between the countries.
Some countries exclude years with more than a certain number of observations missing, for instance one month, while others exclude
years with crucial months missing. One example of the latter is when the annual maximum most likely occurs during summer or
autumn, an annual value is accepted if observations during May through November are available. As this season of high likelihood may
vary between countries due to different climates, we assume the introduced heterogeneity to be acceptably low. Criteria for extracting
annual maxima in the different countries are reported in Table 1, along with the number of stations included in the two datasets
described below. Quality control is performed by the data deliverers in each country. In addition, we confirmed the validity of low
values (<10 mm) in the entire dataset.
Our dataset consists of daily values from measurements every morning, not the highest running 24-hour value, meaning that an
extreme precipitation event can be divided into two days. We also computed trends for 2-days annual maxima (not shown), but found
them to be very similar to trends in Rx1d.
Although most heavy precipitation in the study region falls as rain, there might be events of snowfall present in our dataset. Snow is
to a larger degree subject to wind-induced undercatch compared to rain, thus any positive precipitation trends may partly be explained
by a larger fraction falling as rain due to higher temperatures. However, as shown by e.g. Wolff et al. (2014), the catch ratio for heavy
precipitation is not influenced significantly by the wind.
2.3. Climate in the region
The Nordic-Baltic region is characterized by strong climate gradients, both in the south-north and east-west (coast-inland) di
rection. The coldest areas are found in the mountain regions, and in the northern continental parts. In these areas solid precipitation
dominates during the winter season. The rainiest seasons are generally summer and autumn over the whole region, while spring is the
driest. The encounter between cold arctic air and mild air from the south favors the development of fronts, giving rise to variable and
often wet weather.
The western coast of Denmark and Norway are exposed towards the Nordic ocean and the Norwegian sea, and particularly Norway
is located in the westerly wind belt where storms frequently travel towards east-northeast along the North Atlantic jet stream during
Table 1
Criteria for extracting annual maximum precipitation for a given year in each country. The three columns to the right indicate the number of stations
within each dataset after quality control.
Country

Inclusion criteria

Dataset1

Dataset2

Dataset3

Finland
Sweden
Norway
Denmark
Estonia
Latvia

Low observation counts are checked
Maximum two days of missing values during June - October
Maximum 30 days of missing values during one year
Low observation counts are checked
Complete data during April - September. Low observation counts are checked
Maximum 15 days of missing values during one year, and maximum three days of missing values during one
month
No criteria used, but low values are checked

103
309
207
35
24
28

8
42
68
4
13
0

928
2001
1889
147
27
48

18

0

18

Lithuania
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Fig. 3. Maps of the 5-year return level (a) and estimated shape parameter (b) from Dataset 1 (1969–2020), according to the stationary GEV analysis. Red/orange colors indicate smaller values while
green colors indicate higher values. The gray line roughly indicates the border between the two Norwegian clusters, E-Norway and W-Norway. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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fall or early winter. Annual precipitation amounts of 3000–4000 mm are common in these areas. A recent study of Michel et al. (2021)
showed that during the period 1979–2018 78.5% of the daily extreme precipitation events in Southwestern Norway are linked to
atmospheric rivers. The driest areas of the study region are found in northern Finland, with annual mean precipitation of about
400 mm, while the south coast and eastern parts have up to 750 mm (Pirinen et al., 2012). Annual precipitation sums in Sweden
generally lie between 500 and 800 mm, with higher values in the southwest (1000–1200 mm) and up to 2000 mm locally in mountain
regions near the border to Norway (SMHI, 2021). In the Baltic region annual precipitation varies between approximately 500 and
800 mm, with the wettest areas found along the Latvian and Lithuanian coast (Tammets and Jaagus, 2013; Jaagus et al., 2010).
3. Methods
We study short-term and long-term changes given in Dataset 1 and Dataset 2, respectively, while focusing on the recent period
1969–2020 (Dataset 1) to assess climatology of heavy rainfall in the region.
3.1. Design values
One way to study extreme precipitation is through so-called design precipitation. Design precipitation in terms of return levels are
often used when planning and building certain types of hydrological infrastructure. Return level refers to the precipitation amount
which on average occurs every T years (the return period), where T is chosen based on considerations on the cost of additional
infrastructure versus cost of overloading the infrastructure, leading to e.g. dam breaks. When the statistical properties of precipitation
change in time, design values become very sensitive to the time period of observations going into the computation. Thus, we inves
tigate how any changes in Rx1d affect the 5-year return level (M5), by computing these for different 30-year periods from Dataset 1 and
2. We also address the spatial distribution of M5 and the change in M5 as given by a non-stationary estimation approach. To compute
M5 we fit the well known Generalized Extreme Value (GEV) distribution (e.g. Coles, 2001) to annual maxima and apply the Maximum
Likelihood (ML) approach (Prescott and Walden, 1980) to estimate the parameters. The relatively short return period is selected to
avoid sensitivity to the choice of extreme value distribution and parameter estimation method. We compute return levels through a
standard approach assuming stationarity. But as we suspect a non-stationary precipitation climate, we also compute return levels
through fitting a non-stationary GEV distribution, allowing the location parameter to vary with time. For return level estimation, we
apply the R-package “extRemes" (Gilleland and Katz, 2016).
3.2. Trends and records
To examine trends in Rx1d for the recent period 1969–2020 (Dataset 1) and for the long period 1901–2020 (Dataset 2), we use the
non-parametric Mann-Kendall trend test (Mann, 1945; Kendall, 1975). Mann-Kendall tests the hypothesis of a monotonic increasing or
decreasing trend in data assuming that data are independent and identically distributed (Yue and Pilon, 2004), and it is known to be
well suitable for the study of hydro-meteorological time series as these are usually non-normally distributed. Trends are tested for
statistical significance at the 0.05 level.
As given by our experiment design, the probability of the null hypothesis (no trend) being falsely rejected at an individual location
is equal to 5%. Thus, we want to evaluate the joint statistical significance of the estimated local trends. We adopt the False Discovery
Rate (FDR) procedure (Benjamini and Hochberg, 1995), where local p-values, sorted in increasing order, are evaluated against a
critical level given by
[
( )]
j
pFDR = max p(j) : p(j) ≤ αglobal
j=1,...,k
k
where αglobal is the global test level, set to 0.05. We test for field significance for each country separately. As both positive and
negative trends might be present within a region, these trend types are considered separately.
To assess whether the heaviest rainfall events in the different regions occur at another time of year in today’s climate compared to
the climate of the early 1900s, we analyse changes in the date of annual maxima.
As trends are particularly sensitive to the start and end point of the time series, we need to consider the last decades’ trends in a
larger picture. We examine decadal variability in annual maxima from Dataset 2 by computing the median, the 90th and 99th
percentile (p90 and p99) and the maximum for each decade and country, unfortunately excluding Latvia and Lithuania as no long
series are available here (see Table 1). Norway is divided in two clusters due to the large difference between values along the Nor
wegian west coast and the rest of the study region. The two clusters were determined according to M5 being lower than 60 mm
(referred to as E-Norway; E stands for East) or higher than 60 mm (referred to as W-Norway; W stands for West), and they are indicated
in Fig. 3a. The value of 60 mm is chosen as it aligns well with the mountain ridge stretching across southern Norway which to a large
degree affects the precipitation climate here. Inspired by Westra et al. (2013), we performed a temporal bootstrap, conserving spatial
correlation, to test the null hypothesis of no trend. The uncertainty in the decadal median was assessed through the 90% confidence
interval.
Finally, we report on the highest measured 1-day precipitation values in each country and at all stations in Dataset 3 (5058 values),
and discuss the spatial variability and the different record-giving events in the light of climatic differences.
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Fig. 4. a) Change in M5 from 1969 to 2020 (Dataset1), according to the non-stationary GEV analysis with time-varying location parameter. Black outer circle indicates stations with statistically
significant trends according to the Mann-Kendall test. b) Boxplots of 5-year return levels, according to the stationary GEV analysis, for a) three time slots during 1969–2020, computed from Dataset 1
and b) five time slots during 1901–2020, computed from Dataset 2. Boxes represent the upper (0.75) and lower (0.25) quantiles, while the bold line represents the median (0.5 quantile). Outliers are cut
off as we are interested in the bulk of the distribution.
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4. Results
4.1. Return levels
The 5-year return level (M5) computed from Dataset 1 using the stationary GEV approach is presented in Fig. 3a. M5 is relatively
homogeneous, with mainly values of 30–50 mm in the entire Baltic region plus Denmark and Sweden. Finland has a few values below
30 mm, while values along the west coast of Norway mainly exceed 70 mm.
The GEV shape parameter (Fig. 3b), representing the tail behavior of the distribution, shows mainly values between − 0.2 and 0.4,
with a large portion between 0 and 0.2. This corresponds well with findings by e.g. Papalexiou and Koutsoyiannis (2013), who also
show how the shape parameter is largely dependent on record length and in reality varies within a quite small range, which was
supported by Dyrrdal et al. (2014). Negative shape values are seen along the west coast of Norway in Fig. 3b, again supported by
Dyrrdal et al. (2014) indicating a dependence on the degree of orographic enhancement, which was confirmed by Ragulina and Reitan
(2017). Positive values > 0.2 are mainly found in southeastern Sweden, parts of Denmark (supported by Madsen et al. (2017)), Latvia
and central Finland. Observed summer precipitation from Helsinki, Finland during 1951–2000 suggested a heavy-tailed distribution
(positive shape parameter) also here (Kilpeläinen, 2008).
Fig. 4 a shows how M5 has changed between 1969 and 2020 according to the non-stationary GEV analysis (difference in first and
last years’ estimate), while Fig. 4b provides boxplots comparing M5 computed from 30-year slots and for the entire period. At the
majority of stations M5 has increased by up to 10%. The largest increases ( > 20%) are seen in central parts of South-Norway and at
some scattered stations in Finland, while week decreases are seen in central Sweden and at scattered stations around the entire region.
For Dataset 1 (Fig. 4b; upper panel) there are relatively small variations between the three periods, however, there is a clear
tendency to higher M5-values in the most recent 30-year period. For Dataset 2 (Fig. 4b; lower panel) a cycle becomes evident, with
lower values in the first (1901–1930) and third (1961–1990) period, and higher values in the second (1931–1960) and particularly the
forth (1991–2020) period.

Fig. 5. Trends in Rx1d for the periods a) 1969–2020 (Dataset 1) and b) 1901–2020 (Dataset 2). Blue (red) colors indicate positive (negative) trends,
and larger/darker bullets indicate statistical significance at the 5% alpha level. Field significance is found in hatched countries. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Median (bottom line) including the 90% confidence interval, 90th percentile (middle points) and 99th percentile (upper points) for annual maxima within each decade during 1901–2020,
computed from Dataset 2. Numbers on top indicate the highest decadal 1-day precipitation amount in the region (y-axis is not relevant for these). Note that the y-axis differs between countries, and
especially W-Norway has much higher values.
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4.2. Trends in daily annual maxima
Trends in Rx1d during 1969–2020 (Fig. 5a) are predominantly positive. We count 94 (472) statistically (non-)significant positive
trends, as opposed to only three (155) (non-)significant negative trends. Regions of high concentration of significant positive trends
include southeastern Norway, southern part of Sweden and large parts of Finland. Also the Baltics has some significant positive trends
in Latvia and Lithuania. Negative trends, although only two statistically significant, dominate a rather large region of central Sweden.
Negative trends are also seen in parts of Western Norway, in southern parts of Finland and in Estonia.
Long-term trends in Rx1d (Fig. 5b) are also mostly positive, with 17 (89) statistically (non-)significant positive trends and only one
(31) (non-)significant negative. Statistically significant trends are mainly found in Norway, except for positive trends at three stations
in Sweden, one in Finland and one in Lithuania. One significant negative long-term trend is found on the mid-west coast of Norway.
Denmark and Estonia only have positive trends, but none are statistically significant.
The FDR test reveals field significance for positive short-term trends in all countries except Denmark, Estonia and Latvia, while for
short-term trends fields significance is only true for Norway (hatched lines in Fig. 5).
To investigate trends in the context of decadal variability we show the development of median, p90 and p99 for annual maxima in
each decade during 1901–2020, based on Dataset 2 (Fig. 6). The highest value per decade is indicated as numbers. A 90% confidence
interval computed through temporal bootstrapping illustrates the uncertainty of the sample median if no trend is present.
Despite the large deviance in values between the two Norwegian clusters, the decadal variability in time is similar, starting out with
relatively high values in the first decade followed by low values in the 1920s. The same is seen in Denmark and Finland. A local
maximum is seen in the 1930s in all countries, except Estonia, where the maximum is seen in the 1940s. The following decades have

Fig. 7. Map showing the month of most frequent occurrence of annual maximum precipitation in Dataset 1. Different colors indicate months from
June (green) to October (brown). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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slightly lower values, until they increase again in the last three-four decades. A local maximum in the 1930s and increasing values after
the mid 1970s were also found in an earlier Nordic study (Forland et al., 1998). A minimum in median values in the 1960s is obvious
for Estonia and Finland.
In the Nordic countries except Sweden, there is an obvious positive trend in the median during the most recent decades. The
strongest trends are seen in the two Norwegian regions. Also p90 and p99 increases in E-Norway, while in the other regions the large
variability might cover any trend. Still many of the largest values are seen in the most recent decades. Sweden deviates somehow
compared to other countries, with a relatively flat evolution over the whole period. At least in some regions the decadal median falls
outside the uncertainty band, indicating variability beyond sampling uncertainty. In Norway and Denmark, a trend in the latest decade
can be advocated as the most recent median lies above the uncertainty band.
W-Norway obviously has the largest median and percentiles. E-Norway also have relatively large median values, but p99 lies
around 70 mm similar to other countries. While Denmark shows relatively small median values with low variability, and small
deviance between the median and p90, two peaks in p99 in the decades 1941–50 and 2011–2020 reveal values close to 120 and
130 mm, respectively. Sweden and Estonia show similar values, although p99 in Sweden are somewhat higher. Largest variability in
p99 is seen in Finland, with peaks in the first end second-last decade.
4.3. Date of annual maxima
In Fig 7a we show the spatial distribution of the month of most frequent Rx1d occurrence, while Table 2 report on the percentage of
dateRx1d occurrence in each month and each region, both according to Dataset 1. Annual maxima in the study region occur within a
relatively narrow time window, generally between July and October, with July (Finland, Sweden and the Baltics) and August (ENorway and Denmark) being the most frequent months. The highest percentage of 28.2% in July is found in Finland. For the whole
region, there is 21.2% occurrence in July, followed by 19.5% in August. The least frequent months are April and March. In areas
corresponding to large M5 values at the southern coast of Norway (Fig. 3), annual maxima usually occur in the fall when frontal
activity is high. 17.2% of events in W-Norway occur in October, closely followed by November and September. The dominance of
summer months in the rest of the region suggests that convective activity is responsible for the largest rainfall events also on the daily
duration.
The map in Fig. 8a indicates that almost a third of stations experience an earlier occurrence of Rx1d (green dots; 44 stations), while
more than two thirds experience a later occurrence (94 stations). The shift towards a later date is much larger, with up to 52 days
compared to maximum 24 days of earlier occurrence. There is no obvious regional pattern, but most stations experiencing a large shift
towards later occurrence (orange and red colors) are located the southwest of Norway, along the Norwegian west coast and the
Swedish east coast. Fig. 8b presents how dateRx1d in the whole region has changes between the first and the last 60-year period of
1901–2020, revealing a small shift from summer to autumn. Although annual maxima occur slightly later in the year in today’s
climate, the majority of events still occur between mid-July to mid-August.
4.4. Record events
In Fig. 9 we map the highest measured 1-day precipitation at all stations available at the MET service databases, regardless of
measurement period, while Table 3 report on the three absolute highest values measured in each country and what year they occurred.
As expected, the highest values are measured along the Norwegian southwest-coast. If excluding this wet belt, records are relatively
homogeneous across the region, ranging mainly between 50 and 100 mm. Despite the large differences between the west coast of
Norway and the rest of the study region, there are single occurrences of very large values in all larger regions.
The Norwegian record event of 229.6 mm is the highest in the region, and occurred in south-western Norway 25–27 November
1940. It was a result of a typical extreme orographic precipitation event. The 2-day precipitation amount reached 380 mm, while the 1day value was probably higher than 230 mm as the observer reported that the gauge was completely filled up.
The record daily rainfall in Finland, 198.4 mm, was observed in Espoo, southern Finland on 21 July 1944. According to the
Table 2
Percentage of date of Rx1d occurrence in each month and each region, based on Dataset1.
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

All

Fin

Swe

W-Nor

E-Nor

Den

Est

Lat

Lit

2.6
2.2
2.1
1.9
4.3
11.9
21.2
19.5
14.0
9.5
6.4
4.3

0.6
0.6
0.4
1.3
4.8
15.8
28.2
25.1
12.5
6.7
2.8
1.3

1.5
1.3
1.1
2.0
4.5
12.8
25.3
21.9
14.6
7.7
4.6
2.7

7.8
6.8
7.2
2.2
1.1
2.3
3.9
7.3
14.6
17.2
15.8
13.7

4.2
3.0
3.1
1.5
3.4
9.4
17.0
17.4
14.0
12.4
9.0
5.6

2.9
2.0
1.4
2.1
6.7
14.0
16.4
18.0
17.2
10.5
5.7
3.1

0.4
0.6
0.2
1.5
6.8
18.6
24.9
24.0
12.6
6.0
3.5
1.0

3.4
3.4
3.3
3.8
8.2
17.0
19.1
14.9
10.0
6.7
4.7
5.5

1.1
0.0
0.4
2.8
7.1
15.8
27.6
22.0
11.4
7.6
3.6
0.6
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Fig. 8. a) Map showing the change in date of occurrence of annual maximum precipitation between the first and the last 60-year period of Dataset 2, and b) percentage of dates of Rx1d occurrence in
each month for the first 60-year period (1901–1960; gray) and the last 60-year period (1961–2020; blue) of Dataset 2. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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Fig. 9. Highest measured 1-day precipitation value at all stations and throughout each stations’ observation period (Dataset 3). Red/orange colors
indicate smaller values while green colors indicate higher values. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
Table 3
The three largest 1-day precipitation events (in mm) in each country, and the years they were recorded.
Record
Year
2nd
Year
3rd
Year

Fin

Swe

Nor

Den

Est

Lat

Lit

198.4
1944
182.0
1927
159.4
1988

198.0
1997
188.6
2004
187.3
1908

229.6
1940
223.0
2005
218.4
1955

167.5
1931
135.4
2011
132.0
2010

148.0
1972
137.0
1985
136.0
1998

160.2
1973
135.6
1982
122.8
2014

138.6
1958
103.8
1978
100.5
1953

observer notes and newspaper reports, an “exceptionally intense” thunderstorm moved over the southern coast during the night
accompanied with extreme precipitation causing, for example, four bridges to collapse.
The level of the Swedish record is similar to the Finish record, with 198.0 mm in 1997. Along an almost stationary front in the eastwest direction over southern Norrbotten in the north of Sweden, powerful thunderstorms with heavy rain were formed on 27 and 28
July 1997. The worst exposed area was west of the city Piteå, where it rained extremely heavily from about 11 am on July 27 until the
morning July 29. A total of 256 mm of rain fell during two days.
On 9 July 1931 Denmark experienced, according to a newspaper (Berlingske, 2013), what at the time was described as the closest
thing to a tropical storm. More than 20% of the country experienced more than 100 mm rainfall within 24 h. The storm lasted several
13
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days and in some locations led to more than 200 mm rainfall, however, the official record of 167.4 mm was measured in Marstal, Ærø.
This event is not included in our dataset, but the amount of 167.5 mm (Table 3) measured in Broderup i Sønderjylland is indeed from
the same event.
The daily precipitation record in Estonia, 148 mm occurred on 4 July 1972 in Metsküla (not included in our dataset), resulting from
a minor low level cyclone as classified by Matlik and Post (2008). This was a very local event registered by a rural station. The record of
160.2 mm in Latvia resulted from a thunderstorm, which occurred on 9 July 1973 in Ventspils station, located very close to the Baltic
Sea. In Lithuania, the record of 138.6 mm was observed at Nemajūnai station on 17 July 1958, after a hot and sunny day. According to
Galvonaite (2007) the large difference between air temperature ( ~ 30∘C) and water temperature (only about 20 ∘C) caused intense
turbulence and convection. Although 138.6 mm is the official record, an amount of 250 mm was measured in Sartai, Lithuania on 1
July 1980. This station did however not comply with the World Meteorological Organization standards.
5. Discussion
The precipitation climate in terms of return levels seems to be quite homogeneous over a large region in the Nordic-Baltic countries,
at least when excluding the shortest time series and focusing on the same time period. This might explain our unsuccessful attempt to
derive sensible geographical regions based on a clustering analysis (not shown). Usually, design values are computed using all
available data, thus deviations between time series length and the period of coverage may introduce larger heterogeneity than what is
seen here. At least this is true for shorter duration precipitation associated with small-scale convection. Longer duration events,
however, including 1-day precipitation, are mostly associated with large-scale systems, producing similar rainfall amounts over a large
region.
We have shown the sensitivity of return level calculation to the time period of available data. Using Rx1d from the entire period as
basis for planning and design could result in less robust infrastructure as opposed to using design values from the most recent period.
This points to a risk in using traditional methods for estimating design values that assumes stationary, when climate change alters the
probability of heavy precipitation. Many studies in the recent years have therefore developed and tested non-stationary methods for
extreme value analysis (e.g. Ouarda et al., 2019).
The predominance of positive short-term and long-term trends identified here are in line with former studies (see Section 1), and as
expected under a warming climate. The general later occurrence of maxima might be related to the extension of the summer season in a
warmer climate, and thus a longer season of favorable convective conditions.
Assuming the difference in extraction of annual maxima (see Table 1) does not significantly affect trends and that most values result
from rainfall as opposed to snowfall, our results strongly suggest a change in the statistical properties of heavy precipitation over the
Nordic-Baltic region in the past 50 years, namely through a lengthening of the tail of the distribution. It is likely that some of the
increase can be explained by the increase in temperature over the region (e.g. Hartmann et al., 2013). However, as mentioned in
Section 1, natural and multi-decadal variability might explain parts of the observed changes in heavy precipitation. Gregersen et al.
(2015), for instance, found that the frequency of daily rainfall extremes in Denmark and southern Sweden has increased from 1874 to
present, but with an oscillation cycle of 25–40 years, which corresponds rather well with the cycles evident in Fig. 6. Gregersen et al.
(2015) also found a low period for Denmark in 1970–1979, which explained parts of the strong positive trend during the recent period.
We found a low in the same decade (Fig. 6), when also the lowest decadal maximum Rx1d of 43 mm occurred. Similar lows are seen in
the decades close to our start year in Dataset 1 (1969), which may partly affect the trends in the last 50 years.
Finland shows low probabilities of heavy precipitation events, according to the M5 map in Fig. 3a, while W-Norway shows the
highest probability. Still, high precipitation amounts have occurred also in Finland, and the record event of 198.4 mm is the second
largest in the study region, closely followed by Sweden with 198.0 mm. Record events in Denmark and the Baltic countries are lower
than in the northern countries (down to 138.6 in Estonia). Although different precipitation climates govern, the larger amount of data
in Finland, Sweden and Norway (see Table 1) could possibly explain parts of the deviance. Another explanation might be that the
distribution of daily rainfall in the Baltics is more heavy-tailed yet short compared to the rest of the study region. Unfortunately, the
investigation of this theory was hampered by some regions being poorly represented in the analysis.
The described weather conditions during the record-giving events in Table 3 cover orographic, frontal and convective rainfall. In a
warmer future climate convective events may play an even greater role in the heavy precipitation statistics, further increasing the
pressure on infrastructure and the need for reliable cloudburst prediction. We would also emphasize the important role of stations with
long time series in monitoring climate development, and the need for careful planning when replacing, moving of removing historical
stations.
6. Conclusions
We have collected and analysed a temporally long and spatially dense dataset of annual maximum 1-day precipitation (Rx1d), and
the corresponding date of occurrence, over the Nordic-Baltic region (Finland, Sweden, Norway, Denmark, Estonia, Latvia and
Lithuania). Our aims were to evaluate short-term and long-term changes and spatial variability of heavy precipitation. Our analysis
reveals: .
• The 5-year return level is relatively homogeneous across the Nordic-Baltic region, with values between 30 and 50 mm, except for a
few lower values in Finland and high values mainly exceeding 70 mm at the west coast of Norway.
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• Almost all stations with a statistically significant trend, showed an increase in the intensity of annual maximum 1-day precipitation
during the last 50 years
• At a majority of stations, there has been an increase in annual maximum 1-day precipitation since 1901
• In the region as a whole, annual maximum precipitation events occur somewhat later in the year now compared to the beginning
the last century
• Hotspots for significant positive trends are found in southeast of Norway, southern Sweden and southwest of Finland.
• A hotspot for negative trends, although mostly non-significant, is found in central Sweden.
• Decadal annual maxima vary somewhat differently between countries. However, all countries except Estonia, exhibit a local
maximum in the 1930s followed by slightly lower values, until values increase again in the last three-four decades.
• In all regions except Estonia, there is a tendency to positive trends in the median decadal annual maxima. This is particularly
obvious in the two Norwegian regions.
Although the highest daily precipitation values are found along the west coast of Norway, we expect records on shorter durations to
have hotspots further south, since convection is mainly driven by high temperatures and available humidity. In later papers we intend
to study annual maxima for sub-daily durations, as well as expected changes in precipitation design values in a future climate.
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Galvonaitė, A., Misiūnienė, M., Valiukas, D., Buitkuvienė, M.S., 2007. Lietuvos klimatas 2007. Lietuvos hidrometeorologijos tarnyba, Vilnius. ISBN 978-9955-9758-23. [In Lithuanian].
Gilleland, E., Katz, R.W., 2016. extRemes 2.0: an extreme value analysis package in R. J. Stat. Softw. 72, 1–39. https://doi.org/10.18637/jss.v072.i08.
Gregersen, I.B., Madsen, H., Rosbjerg, D., Arnbjerg-Nielsen, K., 2015. Long term variations of extreme rainfall in denmark and southern sweden. Clim. Dyn. 44, 11–12.
Groisman, P.Y., Knight, R.W., Easterling, D., Karl, T.R., Hegerl, G.C., Razuvaev, V.N., 2005. Trends inintense precipitation in the climate record. J. Clim. 18,
1326–1350.
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Abstract. In this paper, we evaluate the skill of the road
weather model RoadSurf to reproduce present-day road
weather conditions in Finland. RoadSurf was driven by
meteorological input data from cycle 38 of the highresolution regional climate model (RCM) HARMONIEClimate (HCLIM38) with ALARO physics (HCLIM38ALARO) and ERA-Interim forcing in the lateral boundaries.
Simulated road surface temperatures and road surface conditions were compared to observations between 2002 and
2014 at 25 road weather stations located in different parts
of Finland. The main characteristics of road weather conditions were accurately captured by RoadSurf in the study area.
For example, the model simulated road surface temperatures
with a mean monthly bias of − 0.3 ◦ C and mean absolute
error of 0.9 ◦ C. The RoadSurf’s output bias most probably
stemmed from the absence of road maintenance operations in
the model, such as snow plowing and salting, and the biases
in the input meteorological data. The biases in the input data
were most evident in northern parts of Finland, where the regional climate model HCLIM38-ALARO overestimated precipitation and had a warm bias in near-surface air temperatures during the winter season. Moreover, the variability in
the biases of air temperature was found to explain on average 57 % of the variability in the biases of road surface temperature. On the other hand, the absence of road maintenance
operations in the model might have affected RoadSurf’s ability to simulate road surface conditions: the model tended to
overestimate icy and snowy road surfaces and underestimate
the occurrence of water on the road. However, the overall
good performance of RoadSurf implies that this approach

can be used to study the impacts of climate change on road
weather conditions in Finland by forcing RoadSurf with future climate projections from RCMs, such as HCLIM.

1 Introduction
The road traffic sector is one field benefiting from improved regional weather and climate information, especially
at northern high latitudes. These regions do not only experience frequent wintertime snow and ice conditions but also
rapidly changing road weather due to, for instance, the onset of snowfall (Juga et al., 2012) or during temperature
variations around the freezing point (Kangas et al., 2015).
Systematic consideration of upcoming weather events helps
the general public in their everyday commute and, furthermore, road maintenance authorities to attend the roads in a
cost-effective manner (Nurmi et al., 2013). In Finland, the
Finnish Meteorological Institute (FMI) has a duty to issue
warnings of hazardous traffic conditions to the general public. To support this, the institute has developed a road weather
model, RoadSurf, which has been in operational use since
2000 (Kangas et al., 2015).
Road weather conditions are expected to be affected by
ongoing anthropogenic climate change (e.g. Jaroszweski et
al., 2014) throughout the inhabited northern high latitudes.
This region is strongly impacted by the Arctic amplification of climate warming (Screen, 2014), which can clearly
be seen, for instance, in the Finnish temperature records of
the past 170 years (Mikkonen at al., 2015). The expected
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warmer and wetter future climate implies new challenges for
road maintenance and traffic safety, especially in the southern parts of Finland: precipitation events are likely to shift towards less snowfall and more frequent rain and sleet episodes
(Räisänen, 2016). This kind of change in climate will decrease snowy road conditions but at the same time increase
the occurrence of wet road surfaces, which could lead to
more frequently observed slippery and icy road conditions
during the coldest times of a day, such as nighttime (Andersson and Chapman, 2011a). Moreover, the events of temperature change around the freezing point might become more
frequent in the northern parts of Finland (Makkonen et al.,
2014), leading to an increased occurrence of black ice conditions and making the roads more vulnerable to erosion.
Therefore, policymakers and other stakeholders should have
access to credible regional climate projections that can provide a solid basis for informed impact assessments and adaptation measures in the road weather sector. A central tool for
producing such projections is high-resolution regional climate models (RCMs).
Although the impacts of climate change on road weather,
safety, and design have been assessed in many studies (e.g.
see Koetse and Rietveld, 2009), most of these studies have
only considered relative changes in air temperature and precipitation and related these to the possible impacts on the
roads (e.g. Andersson and Chapman, 2011a, b; Hambly et
al., 2013; Hori et al., 2018; Makkonen et al., 2014). It would
be beneficial to study the climate change impacts on, for instance, road surface temperatures (Troad ) or road surface conditions using an approach in which these impacts can be accessed more directly. Furthermore, as slippery road conditions, such as snowy or icy roads, are the major cause for the
wintertime and weather-related road accidents in Fennoscandia (Andersson and Chapman, 2011b; Malin et al., 2019;
Salli et al., 2008), it is essential to estimate how frequently
these conditions will occur in the future.
The main goal of this paper is to evaluate the skill
of RoadSurf to reproduce present-day road weather conditions in Finland when driven by a state-of-the-art highresolution RCM, cycle 38 of the HIRLAM-ALADIN Regional Mesoscale Operational Numerical Weather Prediction
(NWP) In Europe (HARMONIE) Climate (HCLIM) (Lindstedt et al., 2015). HCLIM is forced by the ERA-Interim
reanalysis product (Dee et al., 2011) in the lateral boundaries since it is a standard procedure to carry out evaluation
experiments using the (close to) perfect boundary settings
in RCMs (e.g. Kotlarski et al., 2014). This is the first time
that such a modeling chain is evaluated, and therefore this
evaluation is needed in order to build and study future scenarios of road weather in this area with higher confidence.
Although high-resolution climate projections for Europe are
currently available through the EURO-CORDEX international climate downscaling initiative that provides RCM data
at 50 km (EUR-44) and 12.5 km (EUR-11) resolutions (Jacob
et al., 2014), the EURO-CORDEX dataset does not publicly
Geosci. Model Dev., 12, 3481–3501, 2019

include reanalysis-driven RCM simulations at very high temporal resolutions, such as 1-hourly. Therefore, meteorological input data for RoadSurf are taken from HCLIM, which is
run for the years 2002–2014 with ALARO physics (Gerard,
2007; Gerard et al., 2009; Piriou et al., 2007) at 12.5 km resolution. These HCLIM simulations are evaluated against standard meteorological datasets over Finland: E-OBS v19.0e
(Cornes et al., 2018) and the ERA5 reanalysis product (C3S,
2017).
In the previous studies, mainly NWP model outputs have
been used to force RoadSurf. The simulated road weather
parameters, such as Troad , have been verified against observations over Finland (Karsisto et al., 2016) and the Netherlands (Karsisto et al., 2017). In addition, Kangas et al. (2015)
have studied RoadSurf’s ability to simulate the amount of
water, snow, frost, and ice on the road (called storage terms in
RoadSurf) as well as road surface conditions and friction values, although only for two road weather stations in Finland.
These studies have considered relatively short verification
periods varying from 1 week to some months. In this paper,
we concentrate on 13-year-long simulations of HCLIM and
HCLIM-driven RoadSurf. First, the performance of HCLIM
is evaluated by comparing the model results with E-OBS
v19.0e dataset of near-surface air temperature and precipitation and with ERA5 reanalysis for downwelling shortwave
and longwave radiation, total cloud fraction (clt), relative humidity, and wind speed. All of these parameters, excluding
clt, are used as inputs for RoadSurf. This comparison is followed by an evaluation of HCLIM-driven RoadSurf against
observations at 25 road weather stations located in Finland.
The focus is on Troad but also the simulated road surface conditions and storage terms are compared to the observations.
In addition, this study investigates the role of the biases in
the HCLIM data on the biases in road surface temperature
produced by HCLIM-driven RoadSurf.

2

Models and data

2.1
2.1.1

Models
HARMONIE-Climate (HCLIM)

HARMONIE is a seamless NWP model framework developed in collaboration with several European national meteorological services (Bengtsson et al., 2017). The nonhydrostatic and spectral dynamical cores in HARMONIE are provided by ALADIN–NH (Bénard et al., 2010), which solves
the fully compressible Euler equations using a two-time
level, semi-implicit, semi-Lagrangian discretization on an
Arakawa A grid. This study applied a model setup using the
cy38h1 climate model version of HARMONIE with ALARO
physics (HCLIM38-ALARO hereafter), as mentioned before; a hydrostatic version of the dynamical core; and a time
step of 300 s. The HCLIM38-ALARO version used in this
www.geosci-model-dev.net/12/3481/2019/
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Figure 1. The HCLIM38-ALARO model domain and topography at
12.5 km × 12.5 km grid resolution. Colored overlays depict the regions that are evaluated in more detail. The transparent areas depict
the model’s 8-point wide relaxation zone.

study includes a lake model, FLake (Mironov, 2008; Mironov
et al., 2010), and a surface parameterization framework, surface externalisée (SURFEX) (Masson et al., 2013). A more
thorough description of HCLIM can be found in Lindstedt et
al. (2015) and cycle 38 of HCLIM is described in more detail
in Belušić et al. (2019).
For this study, HCLIM38-ALARO was run from January 2002 to December 2014 (years 2000 and 2001 as a
spinup) over the Fennoscandian domain (151 × 181 grid
boxes) with 12.5 km × 12.5 km horizontal grid resolution
and 65 vertical layers. Figure 1 depicts the HCLIM38ALARO simulated domain along with the model’s 8-point
wide relaxation zone as well as the regions of Finland that
are analyzed in more detail in this study. The sea surface
(sea-surface temperature and sea-ice concentration) and lateral boundary conditions of HCLIM38-ALARO were taken
from ERA-Interim reanalysis (Dee et al., 2011) every 6 h. In
this study, the HCLIM38-ALARO output parameters were
produced every full hour and were used to force RoadSurf
offline.
2.1.2

RoadSurf

The road weather model RoadSurf used in this study is a 1D model based on solving the energy balance at the ground
surface. This study employed the RoadSurf version 6.60b,
which is the operational version of the FMI’s research department with slight I/O changes made for this study. The
model takes into account the conditions at the road surface
and beneath it, and calculates the vertical heat transfer into
the ground as well as at the interface of ground and atmosphere. Hydrological processes, such as accumulation of rain
and snow, run-off from the surface, sublimation, freezing,
www.geosci-model-dev.net/12/3481/2019/
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melting, and evaporation, are parameterized. The model estimates road surface friction using a numerical statistical equation (Juga et al., 2013). RoadSurf assumes a flat horizontal
surface which does not have any shading elements, such as
trees. However, topography in general is taken into account
implicitly through the input data. Thermodynamic properties
of the road surface and ground are assumed to be similar
for all simulated points, and the first two layers of the surface are always described as asphalt. In addition, the effect
of traffic on the road surface is included: the model assumes
that traffic packs some part of the snow into ice, whereas
the remaining part is assumed to be blown away from the
road. However, the model does not take into account wintertime road maintenance operations, such as salting and snow
plowing, because RoadSurf is also used to plan and optimize
these maintenance actions. The absence of road maintenance
in the model implies that there will be unavoidable discrepancies when comparing the modeled and observed road weather
conditions.
As inputs, RoadSurf needs near-surface air temperature
(Tair ), near-surface relative humidity (RH), 10 m wind speed
(WS), precipitation (Pr); and downwelling shortwave (SWd )
and longwave (LWd ) radiation. In the operational use, the
model employs observations from road weather stations, meteorological SYNOP (surface synoptic observations) weather
stations, and radar precipitation networks to initialize road
conditions while the road weather is predicted for the upcoming days utilizing forecasts produced by NWP models.
In this study, we did not include any forecasted periods implying that no in situ observations were used to initialize and
force RoadSurf. Instead, RoadSurf was modified so that it
utilizes the RCM data, in this case the output of reanalysisdriven HCLIM38-ALARO. In addition to the abovementioned inputs needed by RoadSurf, we utilized the bottom
layer ground temperature (at the depth of 4.28 m) produced
by HCLIM38-ALARO. Using the simulated ground temperature instead of the climatological one was motivated by the
fact that although in the original RoadSurf version this temperature is assumed to vary sinusoidally, it is estimated by
an equation in which some of the parameter values are based
on measurements retrieved from only one FMI observatory
located in Southern Finland. RoadSurf’s main outputs are
Troad and a traffic index describing driving conditions, but the
model produces also surface friction; prevailing road conditions; and the sizes of water, snow, and ice storages on the
road. RoadSurf divides the road surfaces into eight classes:
dry, damp, wet, wet snow, frosty, partly icy, icy, and dry snow.
This classification is mainly based on the storage terms and
Troad . The model physics of RoadSurf is described in more
detail in Kangas et al. (2015).
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Evaluation data
E-OBS dataset of gridded daily precipitation and
near-surface air temperature

The HCLIM38-ALARO simulated daily precipitation and
near-surface air temperatures were compared with the EOBS dataset, version 19.0e (Cornes et al., 2018), which consists of daily precipitation and 2 m air temperature (daily
minimum, mean, and maximum) data retrieved from stations
located in Europe. The data are available as a regular grid
which covers the pan-European domain with a resolution of
0.11◦ (approximately 12 km). This E-OBS version, 19.0e,
consists of a 100-member ensemble of realizations for each
daily field. We utilized ensemble means that can be taken as
grid box averages (Cornes et al., 2018) and that are comparable to the best guess grid in the earlier versions of E-OBS
(Haylock et al., 2008).
In general, gridded datasets, such as E-OBS, include uncertainties due to the use of point measurements (e.g. rain
gauges) and interpolation procedures. For example, the undercatch of precipitation can lead to high biases especially
in winter at high latitudes as well as in the areas of rough
topography (e.g. Prein and Gobiet, 2017). These undercatch
errors are typically between 3 % and 20 % for rainfall and up
to 40 % (for shielded) or even up to 80 % (for nonshielded
gauges) for snow (Goodison et al., 1998). Moreover, the accuracy and success of the E-OBS dataset depend on the number of stations used in the gridding process (Cornes et al.,
2018): the sparse station density can introduce errors into the
gridded dataset (e.g. Prein and Gobiet, 2017). For Finland,
the station density is sparser in the northern parts compared
to the south (Fig. S1 in the Supplement). Although these observational uncertainties are not in the scope of this study,
they should be kept in mind when analyzing the results.
The comparison of modeled and observed data was performed using the coarsest grid resolution. The HCLIM38ALARO model results covering Finland were thus compared
with E-OBS by remapping the E-OBS values into the grid of
HCLIM38-ALARO: temperature data by using bilinear and
precipitation data by using first-order conservative remapping. The areas with a lake fraction greater than or equal to
0.5 have been excluded from the analysis because E-OBS
data over the lakes are based on the interpolation of the measurements over land. Moreover, the modeled 2 m air temperature values have been corrected using a lapse rate of
0.0064 ◦ C m−1 to account for the differences between the
orography in the E-OBS dataset and the model. A standard
Student’s t test at a 95 % confidence level was used to assess
the significance of the differences between the modeled and
observed monthly averages (in the case of temperature) or
monthly sums (in the case of precipitation).
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2.2.2

ERA5 reanalysis product

Reanalysis is a scientific method that is based on a combination of data assimilation and numerical models. The fifth
generation of the ECMWF’s atmospheric reanalyses of the
global climate, ERA5, provides hourly atmospheric data estimates at a horizontal grid resolution of approximately 30 km
(Hersbach et al., 2018). This product was created using 4DVar data assimilation and the ECMWF’s Integrated Forecast
System (IFS) cycle 41r2 that was used as the operational
medium-range forecasting system in 2016. The model includes 137 levels in the vertical reaching to 1 Pa. Overall,
ERA5 assimilates more observations compared to the ERAInterim reanalysis product. However, it is good to note that
the ERA5 dataset is based on a model that is assimilating
observations and thus the dataset is prone to similar model
deficiencies as other weather and climate models.
We utilized the monthly means of daily means for clt,
SWd , LWd , 10 m WS, and near-surface RH to evaluate
the performance of HCLIM38-ALARO. Monthly means of
daily-mean RH were computed employing the ERA5 product
of hourly near-surface Tair and dew point temperature (Tdew )
(RH = 100×es (Tdew )/es (Tair )) as RH is not archived directly
in the ERA5 dataset. Saturation vapor pressure (es ) was calculated based on the Magnus formula and with respect to
water (WMO, 2008). Modeled near-surface RH was directly
available and used as such.
Similarly to the comparison with the E-OBS data, the evaluation was carried out using the coarsest grid resolution by
remapping HCLIM38-ALARO model results into the ERA5
grid using bilinear interpolation. Again, a standard Student’s
t test at a 95 % confidence level was used to assess the significance of the differences between the modeled and observed
monthly averages (in the case of clt, LWd , WS, and RH) or
seasonal averages (in the case of SWd ).
2.2.3

Road weather stations

The results obtained by the RoadSurf-HCLIM configuration
were compared with observations retrieved from 25 road
weather stations located in different regions of Finland. Table 1 describes the features of these stations, such as location,
surrounding characteristics, road maintenance class, and the
monthly average air temperatures, during October and April
from 2002 to 2014. Stations 1–8 are located in Southern Finland, stations 9–13 in Western and Central Finland, stations
14–16 in Eastern Finland, stations 17–21 in Northern Finland, and stations 22–25 in Lapland (Fig. 2). The model grid
cell closest to each of these stations was selected for evaluation. However, it needs to be noted that the model output
represents an areal average over the whole model grid cell,
whereas the road weather observations are point measurements.
The road weather stations are equipped with the Vaisala
ROSA road weather package and Vaisala DRS511 sensors
www.geosci-model-dev.net/12/3481/2019/
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Lapland

Northern
Finland

Eastern
Finland

Western &
Central Finland

Southern
Finland

Region

Kuopio E
Puunkolo

Ylämylly

Kalajoki
Korholanmäki

Kuolio
Kärsämäki

Ouluntulli

Saariselkä
Sieppijärvi
Jaatila
Kyläjoki

16*

17
18

19
20

21

22
23
24*
25*

Seppälänahde
Suinula
Vaasa

11
12*
13*

14
15*

Lapua
Petäjävesi

Riihimäki
Utti

7*
8*

9
10

Askisto
Lappeenranta
Sutela
Jakomäki
Lahti
Palojärvi

Station
name

1
2
3
4*
5*
6*

Number

Open area and trees on both sides of the road (S–N)
Open area, a few trees, and trees on the opposite side of
the road (E–W)
Open area and trees on both sides of the road (SE–NW)
Open area and trees on both sides of the road (SW–NE)
Open area and trees on both sides of the road (SW–NE)
Empty lane between the road (S–N)
Open area, a few trees, and trees on the opposite side of
the road (S–N)
Open area (SW–NE)
Open area and trees on both sides of the road (SW–NE)
A few trees and trees on the opposite side of the road
(SE–NW)
Open area (SW–NE)
Open area and trees on the opposite side of the road (S–
N)
Open area and a small hill nearby (SE–NW)
Open area (SW–NE)
Open area and trees on both sides of the road (S–N)
Open area and trees on both sides of the road (SW–NE)
Open area, at the start of an overpass (E–W)

62.94◦ N, 23.04◦ E
62.27◦ N, 25.39◦ E

62.84◦ N, 27.61◦ E
62.06◦ N, 27.81◦ E

64.34◦ N, 23.96◦ E
64.14◦ N, 28.00◦ E

68.46◦ N, 27.43◦ E
67.00◦ N, 24.05◦ E
66.25◦ N, 25.34◦ E
65.84◦ N, 24.26◦ E

64.95◦ N, 25.53◦ E

65.83◦ N, 28.82◦ E
64.01◦ N, 25.76◦ E

62.63◦ N, 29.60◦ E

61.21◦ N, 22.45◦ E
61.55◦ N, 24.07◦ E
63.14◦ N, 21.76◦ E

60.71◦ N, 24.74◦ E
60.89◦ N, 26.86◦ E

Open area and a few trees (E–W)
Open area and trees nearby (SW–NE)
Open area and a few trees, river nearby (E–W)
Open area and trees on both sides of the road (SW–NE)
Open area (SW–NE)
Open area and a few trees, trees on the opposite side
(E–W)
Empty lane between the road (SE–NW)
Open area, a few trees, and trees on the opposite side of
the road (E–W)

Surrounding characteristics
and road
orientation

60.27◦ N, 24.77◦ E
61.07◦ N, 28.31◦ E
60.50◦ N, 26.88◦ E
60.25◦ N, 25.06◦ E
60.91◦ N, 25.61◦ E
60.29◦ N, 24.32◦ E

Coordinates

4
4
3
2

1

4
3

3
3

2

1
3

2
2
2

2
3

1
2

1
2
2
1
1
1

Maintenance
class

−0.5
0.1
1.6
2.6

3.2

0.9
2.7

4.3
2.3

3.8

3.6
3.6

4.9
4.3
4.6

3.8
3.5

4.8
4.2

5.8
4.3
5.6
6.1
4.7
5.1

Mean T
(◦ C)
October

−6.0
−6.7
−4.0
−2.6

−1.4

−4.4
−1.8

−0.1
−2.5

−1.0

−0.7
−0.9

0.9
0.2
0.3

−0.3
−0.7

0.4
0.3

1.6
0.0
1.1
1.8
0.8
1.2

Mean T
(◦ C)
November

−8.4
−9.1
−7.4
−6.1

−5.6

−8.6
−6.1

−3.8
−6.6

−5.7

−5.2
−5.6

−2.8
−4.0
−3.6

−4.0
−5.0

−3.9
−3.8

−2.0
−4.4
−2.4
−1.5
−3.2
−2.5

Mean T
(◦ C)
December

−11.2
−12.8
−11.2
−9.8

−9.1

−12.2
−9.4

−7.1
−9.6

−9.1

−8.9
−8.7

−5.9
−7.0
−5.7

−6.9
−8.2

−6.1
−7.1

−5.1
−7.6
−5.5
−4.4
−6.5
−5.5

Mean T
(◦ C)
January

−11.2
−11.9
−10.6
−9.7

−8.8

−11.6
−9.0

−7.3
−9.4

−9.2

−8.8
−8.7

−5.7
−7.1
−6.6

−6.6
−8.2

−5.9
−7.1

−5.5
−7.6
−7.0
−5.2
−6.6
−5.8

Mean T
(◦ C)
February

−7.2
−6.9
−6.2
−5.6

−5.1

−7.7
−4.7

−4.1
−4.9

−4.5

−4.1
−4.3

−2.3
−3.5
−3.2

−3.0
−4.2

−2.4
−2.9

−2.1
−3.3
−2.7
−1.7
−2.6
−2.6

Mean T
(◦ C)
March

−1.4
0.5
1.0
0.8

2.0

−0.5
2.1

1.8
2.0

2.3

2.8
2.6

4.0
3.3
2.9

3.5
2.7

4.2
3.7

4.4
3.6
3.8
4.4
4.0
3.8

Mean T
(◦ C)
April

Table 1. Descriptions of the road weather stations with the mean observed air temperatures (◦ C) for the months between October and April in 2002–2014. The stations with an optical
sensor are marked with an asterisk (*). The road orientation is defined in parenthesis. As an example, SE–NW means that the orientation of the road is from southeast to northwest. The
maintenance classes are described in Appendix A (class 1 means high maintenance and class 4 low maintenance).
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gether considering that observations did not have a directly
comparable class for wet snow. In addition, observations
do not include a “partly icy” class which is defined in the
model. Therefore, these divergent definitions of road condition classes might cause some discrepancies when comparing
the modeled and observed road conditions.

3

Results and discussion

3.1
3.1.1

Figure 2. Locations of road weather stations used in this study. The
numbers refer to Table 1. The stations with an additional optical
sensor are marked as stars. SF stands for Southern Finland, WCF
for Western and Central Finland, EF for Eastern Finland, NF for
Northern Finland, and LAPL for Lapland.

(Vaisala, 2018a), which are installed in the road surface.
Thirteen of the selected stations included also the Vaisala
DSC111 optical sensor (Vaisala, 2018b), which provides information on, for instance, water, snow, and ice storages on
the road. Two of the stations with an optical sensor had a
large amount of missing data and, therefore, only 11 of them
were included in this study. This study employs the road
surface temperature and the information on the road surface
classes provided by the ROSA stations and the storage terms
provided by the stations with the additional optical sensors.
Data availability was on average 79 % (range 57 %–91 %) at
ROSA stations and 32 % (range 18 %–38 %) at stations with
the optical sensor during the study period of 2002–2014.
The classification of observed and modeled road surface
conditions differ slightly. For example, the observations included “damp and salty” as well as “wet and salty” road surface classes. These classes were combined with “damp” and
“wet”, respectively because RoadSurf does not include information on salting of the roads. The “wet snow” and “dry
snow” classes provided by RoadSurf were also grouped toGeosci. Model Dev., 12, 3481–3501, 2019

Evaluation of HCLIM38-ALARO
Mean near-surface air temperature

The HCLIM38-ALARO model accurately captured the daily
and seasonal mean 2 m air temperatures (Tair ) over Finland
between 2002 and 2014. This is confirmed by Fig. S2 which
illustrates the probability density functions (PDF) of the
daily Tair for the observations and model during different seasons over all the grid points falling over Finland. Overall, the
general shapes of Tair distributions were correctly reproduced
by HCLIM38-ALARO with the largest deviations found in
the winter season (December–February).
Also, the multiyear mean seasonal Tair was well captured
by HCLIM38-ALARO. Figure 3 shows the seasonal means
from E-OBS as well as the mean biases in the HCLIM38ALARO simulated mean seasonal Tair with a reference to
E-OBS. The stippled areas depict significant differences indicated by the Student’s t test (p < 0.05). The mean biases
averaged over Finland were slightly positive in the autumn
and winter (September–February) and negative in the spring
and summer (March–August). The autumn season had the
smallest domain-averaged bias of 0.004 ◦ C and the summer
season the highest domain-averaged bias of −0.40 ◦ C. The
biases were statistically significant mainly over the northern parts of Finland where the model had an enhanced warm
bias in the winter and cold bias in the summer. These biases might partly be caused by the lower station density in
the northernmost domain, which might decrease the accuracy of the E-OBS data. On the other hand, the model was in
good agreement with the observations during the spring and
autumn when most of the differences were not statistically
significant.
It is good to note that Lindstedt et al. (2015) encountered similar warm biases in their HCLIM-ALARO simulations with cycle 36 over Sweden during the wintertime
and they suggested it might originate from the nonprognostic lake surface temperatures. A prognostic lake model was
included in the model version used in this study, and thus
the warm bias might have stemmed from other reasons, such
as from SURFEX’s own features or the possible biases in
ERA-Interim’s sea-surface temperatures or sea-ice concentrations that are used to force the sea surface in HCLIM. On
the other hand, the HCLIM38-ALARO results for mean seasonal Tair were in agreement with EURO-CORDEX RCMs
www.geosci-model-dev.net/12/3481/2019/
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Figure 3. (a–d) The reference values of mean near-surface air temperatures (Tmean ) from E-OBS data and (e–h) the biases of HCLIM38ALARO modeled Tmean with a reference to E-OBS. The seasonal means were calculated over the whole model domain for the time period
of January 2002–December 2014. Stippled areas represent statistically significant differences with p values < 0.05.

that were run at 12.5 km grid resolution. For instance, Kotlarski et al. (2014) showed that some of the ERA-Interimdriven EURO-CORDEX RCMs had a warm (cold) bias especially over the northern parts of Finland during the winter
(summer). However, a more detailed analysis of the causes
of the model biases is out of the scope of this study.
Figure 4 demonstrates that the mean monthly biases in the
simulated daily Tair with a reference to the E-OBS dataset
were generally between ±1 ◦ C when the biases were averaged over different regions of Finland for the period of
2002–2014. The highest positive biases occurred in the winter season and the highest negative biases in the summer
as discussed before. However, some regional differences
were apparent. For example, in Southern Finland, the biases
were mainly negative during the autumn and winter months
(October–February). Similarly, the biases were negative at
the beginning of the winter season in Western and Central Finland but the biases during the late winter and early
spring season were positive as opposed to the negative biases in Southern Finland (excluding March when the bias
in Southern Finland was also positive). In Eastern Finland,
the mean biases resembled Western and Central Finland but
were slightly higher for every month except for July, November, and December. The monthly biases were even higher in
Northern Finland and Lapland compared to the other parts
of Finland. In the northernmost areas, the biases were mostly
positive during the autumn and winter seasons and negative
during the spring and summer.
www.geosci-model-dev.net/12/3481/2019/

Figure 4. The monthly mean biases of simulated near-surface air
temperature averaged over Southern Finland (SF), Western and
Central Finland (WCF), Eastern Finland (EF), Northern Finland
(NF), Lapland (LAPL), and the whole of Finland (ALL) in 2002–
2014 with a reference to E-OBS.

3.1.2

Minimum and maximum near-surface air
temperature and percentiles of mean temperature

Similarly to the mean near-surface Tair , we assessed the
differences between the observed and modeled daily PDFs
as well as the multiyear seasonal means of daily minimum and maximum near-surface temperatures (Tair,min and
Tair,max , respectively) in 2002–2014 over Finland. Again,
the PDFs of both Tair,min and Tair,max were adequately repGeosci. Model Dev., 12, 3481–3501, 2019
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Figure 5. The biases in the simulated seasonal means of (a–d) minimum near-surface air temperature (Tmin ) and (e–h) maximum nearsurface air temperature (Tmax ) with a reference to E-OBS. The seasonal mean biases were calculated over Finland for the time period of
January 2002–December 2014. Stippled areas represent statistically significant differences with p values < 0.05.

resented in HCLIM38-ALARO with the largest deviations
in the winter season (not shown). Figure 5 shows that the
multiyear seasonal means of Tair,min were mainly overestimated and, contrarily, Tair,max underestimated. The stippled areas in Fig. 5 depict significant differences pointed out
by the Student’s t test (p < 0.05). The differences between
HCLIM38-ALARO and E-OBS were significant mainly in
the winter and summer season for Tair,min with the largest
domain-averaged difference of 1.73 ◦ C found in the winter.
For Tair,max , the differences were significant mostly in the
summer with also the largest domain-averaged difference of
−2.03 ◦ C occurring in the summertime.
In addition to daily minimum and maximum temperatures,
the differences in the 5th, 25th, 75th, and 95th percentiles of
the daily-mean Tair between the model and observations were
computed for different seasons (Fig. S5). The spatial differences for each season and over all the percentiles were similar to each other with generally more positive biases found
for the 5th percentile and more negative biases for the 95th
percentile (excluding the autumn), which is in line with the
results for Tair,min that are overestimated and Tair,max that
are underestimated. In the winter, Finland could clearly be
divided into two regions as the biases were positive in the
northern parts of Finland and negative in the south (excluding the 5th percentile). For all seasons, the maximum biases
in the 5th, 25th, and 75th percentiles occurred in the winter
with a maximum domain-averaged difference of 4.9 ◦ C for
the 5th percentile. For the 95th percentiles, the largest biases
Geosci. Model Dev., 12, 3481–3501, 2019

appeared in the summer with a maximum domain-averaged
difference of −2.2 ◦ C.
3.1.3

Precipitation and wet-day frequency

Also multiyear mean seasonal precipitation sums were reliably simulated by HCLIM38-ALARO although slight overestimation was evident. Figure 6 depicts both observed multiyear mean seasonal precipitation sums from the E-OBS
dataset over Finland in 2002–2014 as well as the differences between HCLIM38-ALARO with a reference to EOBS. Similarly to the figures shown before, the stippled areas
represent significant differences confirmed by the Student’s
t test (p < 0.05). Overall, precipitation was overestimated
rather than underestimated throughout the year. The biases
were the smallest in the winter with a domain-averaged bias
of 16.1 % and highest in the spring with a domain-averaged
bias of 42.2 %. The largest biases in simulated precipitation
occurred in the north of Finland, especially over Lapland,
where the biases were also statistically significant for every season. The biases were statistically significant over the
whole model domain during the spring and summer season.
We stress that E-OBS might suffer from undercatch errors
during the winter and spring. The larger biases in the northern parts of Finland might again originate from the sparser
observation network in the northernmost domain. The results
obtained for HCLIM38-ALARO showed similar magnitude
and spatial patterns of the precipitation biases compared to
www.geosci-model-dev.net/12/3481/2019/
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other EURO-CORDEX RCMs that are mainly overestimating seasonal precipitation over Finland during the winter and
summer as shown by Kotlarski et al. (2014).
The overall overestimation of spring and summertime precipitation in HCLIM38-ALARO might be due to too frequent low- and moderate-intensity precipitation events as
Lindsted et al. (2015) and Lind et al. (2016) pointed out in
their studies of HCLIM36 and HCLIM37. Also the wet-day
frequency with a 1 mm d−1 threshold was slightly overestimated especially during the spring and summer with the
highest domain-averaged bias of 4.6 d per season (Fig. S6).
Contrarily, HCLIM38-ALARO slightly underestimated wetday frequency during the winter (excluding the most northern and southern parts of Finland) with the domain-averaged
bias of −0.2 d per season. In addition, HCLIM38-ALARO
slightly overestimated the relative frequency of daily precipitation over Finland for the intensities that were approximately between 10 and 40 mm d−1 in the spring season and
10 and 80 mm d−1 in the summer reason (Fig. S3). Otherwise, the PDFs of daily precipitation were adequately captured by HCLIM38-ALARO.
Figure 7 further confirms that precipitation was overestimated over different regions of Finland throughout the
year. The mean monthly biases between the regions did
not substantially differ from each other. However, the biases were the smallest in Northern Finland during the winter (December–March) and in the southern parts of Finland
during the other months (April–November). Consistently, the
largest biases were found in Lapland. As already seen in
Fig. 6, the largest biases appeared during the spring season
(especially between April and May) and the second largest
biases during the summer and early autumn season (from
June to September).
3.1.4

Other variables

The modeled seasonal averages of total cloud fraction (clt),
SWd , LWd , RH, and WS were compared against the ERA5
reanalysis product over 2002–2014 since these parameters,
excluding clt, were used as inputs for RoadSurf together with
Tair and precipitation. Again, the stippled areas in Fig. 8 illustrate significant differences revealed by the Student’s t test
(p < 0.05). Clt was significantly underestimated throughout
the year with the highest domain-averaged bias of −16.3 %
in the winter (Fig. 8a–d). Consequently, LWd was significantly underestimated during the winter, summer (in the
north), and autumn with the largest domain-averaged bias of
−15.7 W m−2 occurring in the autumn (Fig. 8e–h). SWd was,
in turn, mostly significantly overestimated, especially during
the autumn when the domain-averaged bias was 7.9 W m−2
(Fig. 8i–l). The biases in SWd during the winter were small
as the received actual SWd is, in general, limited during this
time of the year at the high latitudes. However, negative biases in SWd were found over the southern parts of Finland
during the spring and summer, although the differences were
www.geosci-model-dev.net/12/3481/2019/
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significant only over restricted areas. These results are in
agreement with the previous comparison of clt, LWd , and
SWd between HCLIM36-ALARO and ERA-Interim reanalysis product over northern Europe shown by Lindstedt et
al. (2015).
In addition, RH was underestimated in the winter and autumn with a domain-averaged bias of −4.3 % during the winter and overestimated during the summer with a domainaveraged bias of 6.3 % (not shown). WS was mainly underestimated during all seasons with the largest domain-averaged
negative bias of −0.6 m s−1 appearing in the winter and autumn seasons (not shown).
3.2
3.2.1

Evaluation of HCLIM-driven RoadSurf
Road surface temperature

The meteorological data from HCLIM38-ALARO were used
as an input to RoadSurf that was further evaluated against
25 road weather stations in Finland. Here, we mostly concentrate on the evaluation of road surface temperature as it
is the main output of RoadSurf. Only the results obtained
for an extended winter season from October to April were
explored because this period is the most relevant for road
maintenance (e.g. salting of the roads and snow plowing) and
road safety in Finland. Road surface temperature produced
by RoadSurf was evaluated against the observations by calculating the PDFs of observed and modeled daily Troad at the
road weather stations as well as computing mean monthly
biases and mean absolute errors (MAEs) using the average
monthly road surface temperature values. It is good to keep
in mind that the hourly and daily temporal resolutions are
the most crucial for road weather because the accident rates
might increase rapidly in the case of a sudden change of the
prevailing weather (Juga et al., 2012). The monthly timescale
was selected for the evaluation to account for the fact that
RoadSurf was driven using an RCM that was forced by a
reanalysis product only in the lateral boundaries. This implies that the modeled day-to-day variability might not entirely match with observations at all locations. However, calculating monthly statistics gives us a clear understanding of
the model performance for different months during the study
period from 2002 to 2014.
Figure 9 makes it evident that the HCLIM-driven
RoadSurf was able to simulate the monthly means of Troad
with high accuracy and with most of the biases falling between ±2 ◦ C. The mean monthly bias at all 25 stations was
−0.3 ◦ C (range −2.1 to 2.7 ◦ C) and MAE 0.9 ◦ C (range 0.3–
2.9 ◦ C). Some regional and seasonal differences were apparent. In January and February, most of the stations located
in Southern Finland and Western and Central Finland had
mainly negative mean biases, whereas the biases were predominantly positive at the stations located in Eastern Finland, Northern Finland, and Lapland. When looking at the
results for all stations, most of the positive mean biases ocGeosci. Model Dev., 12, 3481–3501, 2019
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Figure 6. (a–d) The reference values of precipitation (Pr) from E-OBS data and (e–h) the biases of HCLIM38-ALARO modeled Pr with a
reference to E-OBS. The seasonal averages were calculated for the time period of January 2002–December 2014. Stippled areas represent
statistically significant differences with p values < 0.05.

Figure 7. The monthly mean biases of simulated precipitation averaged over Southern Finland (SF), Western and Central Finland
(WCF), Eastern Finland (EF), Northern Finland (NF), Lapland
(LAPL), and the whole of Finland (ALL) in 2002–2014 with a reference to E-OBS.

curred in January and March, whereas negative biases occurred in April, November, and December. Eleven stations
had negative mean biases throughout all the analyzed months
while the rest of the stations had both negative and positive
mean biases depending on the month. Overall, the MAE values were the lowest in March and October while the highest
MAE values occurred in Lapland in January and February.
Despite the apparent mean monthly biases, the shapes of the
daily Troad PDFs were sufficiently reproduced by RoadSurf
Geosci. Model Dev., 12, 3481–3501, 2019

with the largest deviations found in the winter (Fig. S4) in
accordance with the PDFs of daily Tair .
Probable reasons for the seasonal and regional differences
in the model performance are the biases in the HCLIM38ALARO data and the fact that RoadSurf works well in the
vicinity of 0 ◦ C. To address the impact of the biases in the input parameters on the Troad biases, we computed the monthly
mean biases in the HCLIM38-ALARO model outputs with
a reference to E-OBS (in the case of Tair and precipitation)
and ERA5 (in the case of LWd , SWd , RH, and WS) at the
grid cell closest to the road weather station in question. The
monthly biases in the input parameters were plotted against
the monthly biases in Troad . The analysis shown in Fig. 10
revealed that the variability in the monthly biases of Tair
explained on average 57 % (range 19 %–84 % in October–
April) of the variability in the monthly biases of Troad while
the LWd biases explained on average 16 % (range 2 %–34 %
in October–March). Furthermore, the variability in SWd biases was found to explain a small amount (4 %) of the variability in Troad biases during April. The comparison between
other input parameters and Troad did not reveal clear linear
responses and are thus not discussed here. Also, Karsisto et
al. (2017) noted that a part of the Troad biases is caused by
the biases in the input parameters used to force road weather
models. In their study, the input was provided by a forecast produced with a high-resolution NWP version of HARMONIE (cy36h1.4) with a grid resolution of 2.5 km over the
Netherlands. In that study, the KNMI (the Royal Netherlands
www.geosci-model-dev.net/12/3481/2019/
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Figure 8. The biases in the simulated seasonal means of (a–d) total cloud fraction (clt), (e–h) downwelling longwave and (i–l) shortwave
radiation (LWd and SWd , respectively) with a reference to the ERA5 reanalysis product. The seasonal mean biases were calculated over
Finland for the time period of January 2002–December 2014. Stippled areas represent statistically significant differences with p values
< 0.05.

Meteorological Institute) road weather model (a 1-D heat
balance model similar to RoadSurf) was run by removing
the bias of one of the model inputs, 2 m Tair . This reduced
the Troad bias during the nighttime by 50 % indicating that
the biases in the input parameters clearly affect road weather
model outcomes.
Moreover, the comparison of the simulated and observed
Tair in the wintertime (December–February) revealed a warm
bias ranging from 0.1 to 1.1 ◦ C in the northern parts of Finland (Northern Finland and Lapland) while Southern Finland
had negative biases ranging between −0.4 and −0.04 ◦ C (see
Fig. 4). Thus, the larger and more positive biases in the simulated Tair in Northern Finland and Lapland compared to
Southern Finland seem to explain the larger positive biases

www.geosci-model-dev.net/12/3481/2019/

in the modeled Troad at the northernmost stations. In addition, Kangas et al. (2015) noted that RoadSurf is designed
to work especially well when temperatures are close to 0 ◦ C.
Based on the monthly statistics obtained for the study period (2002–2014), road surface temperatures were crossing
0 ◦ C particularly often during March, April, and October (see
Sect. 3.2.2). This good model performance near 0 ◦ C could,
in turn, partly explain why the MAE values were lower in
October and March compared to other months.
Some part of the biases in Troad might originate from the
RoadSurf model itself. For instance, the absence of snow removal and salting in the model might keep the road surface
colder than what it would be with the maintenance actions.
In addition, traffic is assumed to pack some part of the snow

Geosci. Model Dev., 12, 3481–3501, 2019
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Figure 9. (a) The mean monthly biases and (b) MAE values of simulated road surface temperature between October and April in 2002–2014.
The station indices on the x axis refer to Table 1. SF refers to Southern Finland, WCF to Western and Central Finland, EF to Eastern Finland,
NF to Northern Finland, and LAPL to Lapland.

Figure 10. Scatter plots of the mean monthly biases of road surface temperature (Troad ) against (a) the mean monthly biases of near-surface
air temperature (Tair ) and (b) the mean monthly biases of downwelling longwave (LWd for October–March) and shortwave radiation (SWd
for April) at the road weather stations. The squared R values represent linear regression for different months with p values < 0.001 (p value
for LWd in October 0.01).

into ice while the remaining part is assumed to be blown
away from the road. For example, the real traffic amounts
are higher in Southern Finland compared to the other parts
of the country, which can lead to an overestimation of the
simulated icy and snowy conditions in the south and, hence,
to colder road surface conditions than what is observed. On
Geosci. Model Dev., 12, 3481–3501, 2019

the other hand, the snowpack that is observed might actually stay longer than what is simulated by the model leading
to positive biases in Troad at locations with less traffic: this
could especially happen at stations such as station 23 (Sieppijärvi). The biases in Troad might also stem from the absence
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of shading effects as this effect is not taken into account by
RoadSurf.
Although the results obtained in this study indicated a
good skill of RoadSurf to realistically capture Troad , the mean
biases were slightly larger compared to the previous studies
of RoadSurf. For example, Karsisto et al. (2016) found that
the biases in the simulated Troad varied between −1 and 1 ◦ C
(mostly ±2 ◦ C in our study) at 20 stations in Finland during
October and December 2013 when RoadSurf was driven by
a high-resolution NWP version of HARMONIE (cy36h1.4)
with a grid resolution of 2.5 km without any data assimilation. However, it is good to note that the results obtained in
our study and by Karsisto et al. (2016) are not directly comparable since in their study RoadSurf was initialized using
road weather station measurements for 48 h and only the first
forecasted hour was analyzed. However, one possible reason
for the slightly larger errors obtained in the present study
might be the coarser grid resolution of HCLIM38-ALARO
as compared to the NWP version: coarser grid resolution implies that not all the local features, such as topography, are
described as in detail as they are in higher resolution NWP
models. Increasing the grid resolution of HCLIM38-ALARO
might therefore yield better performance for RoadSurf although increasing the grid resolution of a climate model will
also increase the computational cost. However, the longer
time period used in this study makes the results more robust
compared to the previous studies in which only short time
periods were analyzed.
3.2.2

Zero-crossing days

Temperatures close to 0 ◦ C should be predicted correctly because in these conditions wet road surfaces have a tendency
to freeze (e.g. Vajda et al., 2014) and roads are the most slippery in the copresence of ice (Moore, 1975). In this study, a
zero-crossing day was defined as a day when the road surface
temperature had been at least once both below −0.5 ◦ C and
above 0.5 ◦ C.
Figure 11 shows that the monthly number of zero-crossing
days and the monthly variation (standard deviation) were
well captured by RoadSurf. This was expected as RoadSurf
has been confirmed to simulate Troad accurately in the vicinity of 0 ◦ C (Kangas et al., 2015; Karsisto et al., 2016). On
average, the correlation coefficient was very high (0.92) and
the mean bias was approximately 0.9 d (Fig. 11f). The performance of the model differed slightly depending on the analyzed region. Surprisingly, the correlation coefficient was the
lowest in Southern Finland and the highest in Northern Finland and Lapland, whereas the bias was the lowest in Eastern
Finland and the highest in Lapland. The higher biases in Lapland might be explained by the overall overestimation of
zero-crossing days, which might, in turn, be caused by the
warm bias in the simulated Troad values as discussed before.
Overall, most of the zero-crossing days occurred in March,
April, and October. However, the number of zero-crossing
www.geosci-model-dev.net/12/3481/2019/
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days declined in March and increased in April when moving towards the north. In Lapland, most of the zero crossings
occurred in April instead of March. This was also expected
as the winter season (and therefore the coldest period) lasts
longer in Lapland compared to the southern parts of Finland,
leading to less zero-crossing days in March. The smallest
number of zero crossings took place in January, February,
and December. These are usually the coldest months of the
year, especially in Lapland (see also Table 1); thus, 0 ◦ C is
not crossed as often during these months.
3.2.3

Road surface classes

The majority of the wintertime and weather-related road
accidents in Fennoscandia are caused by the snowy and
icy road conditions in addition to, for example, driving
habits and worn out tires (Salli et al., 2008). To investigate
RoadSurf’s skill to correctly predict the road surface classes
(e.g. snowy and icy surfaces), the model results and observations were compared by calculating the fraction of each
road surface class occurring within a month. The fraction
was calculated as a multiyear sum of the occurrence of the
surface class in question divided by the multiyear sum of the
occurrence of all surface classes and then taking an average
between stations falling into the same region. It is good to remember that the observed and modeled road surface classes
might not fully match as they are defined differently.
Figure 12 shows that overall RoadSurf captured well the
prevailing road surface conditions although the observed and
modeled fractions differed slightly. For example, the model
overestimated the fraction of dry surfaces in all regions (average bias over all regions and all months was 7 % as a fraction) and underestimated damp surfaces slightly more (average bias −16 %). The model underestimated also wet surfaces (average bias −6 %), but the fraction of the partly icy
class (8 % on average) was almost equal to this difference between the modeled and observed wet surface fraction. Therefore, these results indicated that wet surfaces tended to be
predicted as partly icy, although it has to be remembered that
observations do not have a partly icy class. The underestimation of the frost on the road (average bias −1 %) and overestimation of ice (2 %) were also of a similar magnitude with
opposite signs. Moreover, the snow class was slightly overestimated with an average bias of 2 %. These results are in line
with the study by Kangas et al. (2015) where they encountered an overestimation of ice and snow storages produced
by RoadSurf at two stations located in Finland. In addition,
they found that sometimes frost predicted by the model was
observed as ice in the measurements. In the present study,
frosty surfaces were, however, mainly underestimated. On
the other hand, both icy and frosty surfaces are slippery, so
in that aspect the model behavior (i.e., the tendency of the
model to underestimate frost and to overestimate ice with the
same magnitude) is acceptable.
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Figure 11. Modeled vs. observed days per month when road temperatures had been both below −0.5 ◦ C and above 0.5 ◦ C (zero-crossing
day) during October and April in 2002–2014 in (a) Southern Finland (SF), (b) Western and Central Finland (WCF), (c) Eastern Finland (EF),
(d) Northern Finland (NF), (e) Lapland (LAPL), and (f) the whole of Finland (ALL). Grey color represents the monthly values for every year
and the multiyear monthly means are illustrated in other colors. The vertical and horizontal bars represent ±1 standard deviation based on
13 years of monthly values from the model and observations, respectively. R stands for the Pearson correlation coefficient and BIAS for the
mean difference between the modeled and observed values. The dashed black line represents a 1 : 1 reference line.

Figure 12. Observed (O) and modeled (M) fractions of road surface classes (e.g. dry, wet, or icy) within each month in 2002–2014 in
(a) Southern Finland (SF), (b) Western and Central Finland (WCF), (c) Eastern Finland (EF), (d) Northern Finland (NF), (e) Lapland
(LAPL), and (f) the averages for whole of Finland (ALL). The definitions of road surface classes differ slightly for the observations and
model (e.g. the partly icy class is included only in the model).

The absence of road maintenance could be one logical reason why the model overestimated icy and snowy surfaces: in
real life, salting prevents roads becoming icy and snow is removed from the roads. Accordingly, the observed and modeled fractions of snowy surfaces were very similar to each
other in Lapland where maintenance, such as snow plowGeosci. Model Dev., 12, 3481–3501, 2019

ing, is performed far less frequently compared to the more
southern parts of Finland in real life. The icy road fraction
was underestimated in Lapland, whereas this fraction was
overestimated in the other regions: in reality, salting is not
performed as often at the stations in Lapland as in Southern Finland and thus icy roads can occur more frequently in
www.geosci-model-dev.net/12/3481/2019/
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the northernmost stations. Furthermore, the RoadSurf model
takes the effect of traffic into account in a similar manner regardless of the region. Therefore, the simulated ice and snow
storages might deplete too fast in the model considering the
substantially lower traffic amounts in the northern parts of
Finland compared to the south. For instance, snow storage
was slightly underestimated in Lapland although only in January and November (Fig. 12e). The warm bias in Lapland
might also have played a role in the underestimation of icy
road fraction as icy roads are less likely to occur if the simulated air temperatures are too high. In addition, the underestimated wet and damp surfaces during the winter months
(December–February) might be explained by the slightly underestimated wet-day frequency of precipitation over most
parts of Finland (see Fig. S6).
3.2.4

Categorical performance of the simulated
frequency of water, snow, and ice storages

Rainfall is considered to be one of the main contributing factors in traffic accidents together with snow and ice on the
road (e.g. Andersson and Chapman, 2011b). Therefore, the
water, snow, and ice storages, as well as their frequency,
should be simulated accurately. The absolute values of the
storages are not discussed here as the modeled values represent areal averages and observations represent point measurements. In addition, the optical sensor might not correctly
sense the exact thickness of the water, snow, or ice layer on
the road but rather it might detect only the upper layer of
these storage terms. Thus, RoadSurf’s ability to simulate the
frequency of the storages was assessed by first calculating the
daily maximum values of the storages between October and
April and, further, setting the daily values to one if the daily
maximum value was more than zero and to zero if the daily
maximum value was zero. These binary values were used to
calculate hits and false alarms (Table S1 in the Supplement)
and the probability of detection (POD) and false alarm ratios (FARs) (Roebber, 2009). The details of the POD-FAR
analysis are explained in the Supplement Sect. S1. The number of compared daily cases per station varied between 503
and 1101 d depending on the data availability at each station. However, this method might penalize the model more
than it should because the modeled storages were compared
with observations using day-to-day values. For this reason,
we additionally calculated the multiyear sums of all the modeled and observed daily cases with daily maximum more than
zero or zero.
The results of the POD-FAR analysis for 11 stations including an optical sensor (see Table 1) are illustrated in
Fig. 13 using a categorical performance diagram (Roebber,
2009; please see the Supplement Sect. S1 for more details).
Figure 13 shows that RoadSurf reliably captured the occurrence of the storage terms as the points located near the
upper-right corner of the diagram. However, the model performance varied slightly depending on which storage was
www.geosci-model-dev.net/12/3481/2019/

Figure 13. The performance diagram of water, snow, and ice storages modeled at the 11 road weather stations which have an optical
sensor (see Table 1). Absolute values of the modeled and observed
maximum daily storages were not used directly; but instead, the
daily value was set to one if the maximum value was more than zero
and to zero if the maximum value was zero. The months between
October and April were included in the analysis. Success ratio (1–
FAR) runs along the x axis and POD along the y axis. Dashed lines
represent the frequency bias and continuous lines the CSI (critical
success index, see the Supplement Sect. S1). The vertical and horizontal lines represent the 95 % confidence intervals for POD and
FAR values, respectively, calculated by using a bootstrap method
and 1000 resamples.

simulated. For instance, the modeled water storages had the
lowest FAR (highest 1–FAR) values but also the lowest POD
values. This means that because the model did not detect
water as often as it should, the false alarm ratio was also
smaller. The frequency bias values were lower than one indicating an underestimation of the events with water on the surface. The opposite was true for the modeled ice storages: the
events were predicted well (POD was high) but false alarms
were more frequent (1–FAR was lower). Furthermore, the
frequency bias values were greater than one suggesting an
overestimation of the events with ice on the road. The POD
and FAR values of the modeled snow storages fell somewhere between the POD and FAR values which were obtained for the water and ice storages. The model underestimated the frequency of the events with snow on the road but
to a lesser extent compared to the underestimated frequency
of the water storages.
It has to be emphasized once more that the model does not
take into account road maintenance measures. Again, the absence of salting can be one reason for the overestimated occurrence of ice and the underestimated occurrence of water
on the road surface. However, the model is thus on the “safe
side”, which means that in operational use the model would
give warnings to the road users slightly more often than what
Geosci. Model Dev., 12, 3481–3501, 2019
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would be required. As mentioned before, a part of the underestimated frequency of water might be explained by the
slightly underestimated wet-day frequency of precipitation
during the winter season. On the other hand, the absence of
snow removal in the model did not lead to an overestimated
frequency of snow on the road: this frequency was underestimated while the fraction of snowy road cover was overestimated as shown in Fig. 12. One possible reason for this
discrepancy might be the different number of road weather
stations used in the POD and FAR analysis compared to the
road condition analysis (11 vs. 25 stations). Another reason
might be that the POD and FAR analysis utilized fewer observations compared to the number of observations used in
the analysis of the road surface conditions (due to a higher
amount of missing data). Moreover, the RoadSurf-HCLIM
configuration might not capture all the snow events which are
observed at the station because the simulated storages represent areal averages. However, the underestimated frequency
of snow cannot be explained by the snowpacks that are depleting too fast in the model. This is because the majority of
the stations with an optical sensor utilized in this study are
located in the southern parts of Finland where the modeled
snowpacks might actually stay longer compared to the measurements as discussed before.
In addition to the POD-FAR analysis, we computed the
modeled and observed fractions of the multiyear sums of the
daily cases with the daily maximum storage of water, snow,
or ice more than zero or zero. The results are shown in Fig. S7
as fractions over all 11 stations. This figure supports the main
conclusions from the POD–FAR analysis: the occurrence of
water and snow storages were underestimated by the model
by −18 % and −7 %, respectively. The frequency of ice storage was slightly overestimated by 5 %.
4

Conclusions

This study described the performance of the HCLIM38ALARO regional climate model over Finland and, further, evaluated the skill of the HCLIM38-ALARO-driven
road weather model RoadSurf to reproduce the present-day
road weather conditions in Finland. HCLIM38-ALARO was
forced with the reanalysis product ERA-Interim in the lateral boundaries. This study showed that HCLIM38-ALARO
is in good agreement with the gridded daily mean air temperature and precipitation observations: the model reliably
reproduced the monthly and seasonal temporal and spatial
patterns as well as daily variability in these variables over
Finland. Especially daily-mean near-surface air temperatures
were well represented by HCLIM38-ALARO. On the other
hand, daily minimum air temperatures were slightly overestimated and daily maximum temperatures underestimated.
Precipitation was overestimated during all seasons, although
some of this overestimation might be caused by the inaccuracy of E-OBS data due to possible undercatch errors and
Geosci. Model Dev., 12, 3481–3501, 2019

lower station density in the northern parts of Finland. Overall, the HCLIM38-ALARO results were found to be in line
with other EURO-CORDEX RCMs. The underestimated total cloud fraction in the model led to the overestimated downwelling shortwave and underestimated longwave radiation,
which has also been encountered in the previous evaluations
of HCLIM over northern Europe in the wintertime.
As far as the authors are aware, this may be the first paper that studies the performance of a road weather model
which is forced by RCM data. This study revealed that the
HCLIM38-ALARO-driven RoadSurf was able to adequately
reproduce the daily distributions of road surface temperatures (Troad ) and accurately simulate Troad with the mean
monthly bias of −0.3 ◦ C and the mean monthly MAE of
0.9 ◦ C over Finland. These metrics indicated a slightly poorer
performance than what was obtained in the earlier studies
of RoadSurf. The coarser grid resolution of the HCLIM38ALARO compared to the NWP model input used in the earlier studies might be the main reason for this outcome as
no data assimilation was used for HCLIM38-ALARO or the
NWP model. Moreover, the HCLIM38-ALARO simulated
air temperature tended to have a warm bias over the northern
parts of Finland in the winter. This, in turn, might be the major reason for the better performance of RoadSurf to simulate
Troad at the stations located in the southern parts of Finland
compared to the stations located in Lapland. The variability
in the air temperature biases was found to explain the largest
part of the variance in the road surface temperature biases as
compared to other input variables of RoadSurf.
In addition, RoadSurf adequately captured the daily zero
crossings, which verified the good performance of the model
when temperatures approach 0 ◦ C. This is of great importance as the road surfaces are most prone to slippery conditions when the road surface temperatures are close to 0 ◦ C
and simultaneous icing occurs. Moreover, the analysis on the
road surface classes showed that the model is overall in a
good agreement with the observations in terms of the prevailing road conditions. However, the model tended to yield
more icy and snowy road surfaces than indicated by observations. The absence of road maintenance, such as salting
and snow plowing, is very likely the dominant reason for this
model behavior as well as for the overestimated occurrence
of ice and underestimated occurrence of water on the road
surface. On the other hand, the overestimated traffic wear in
the model and therefore a depletion of ice storages that is too
fast could be the reason for the underestimated fraction of icy
surfaces at the northernmost stations.
These results were obtained using a limited set of road
weather stations in Finland. On the other hand, the 13-yearlong study period makes the results more robust compared
to the earlier studies of RoadSurf which have concentrated
only on short verification periods of 1 week to some months.
Therefore, the results represented in this study indicated that
HCLIM38-ALARO realistically captured the climate over
Finland and that this RCM data can be used as an input to
www.geosci-model-dev.net/12/3481/2019/
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RoadSurf in order to produce reliable results of Troad , road
surface classes, and storage terms. Although RoadSurf represents a scenario wherein nothing is done in terms of road
maintenance, it also means that the model is ideal to study the
relative changes in the road surface conditions due to climate
change. Earlier studies of climate change impacts on road
weather have mainly considered the relative changes in air
temperature and precipitation. Therefore, the approach presented in this study offers an alternative to these methods:
running the road weather model with HCLIM38-ALARO
produced climate projections makes it possible to directly
study how the road weather conditions are going to change
in the future.
Code availability. The ALADIN and HIRLAM consortia cooperate on the development of a shared system of model codes.
The HCLIM model configuration forms part of this shared
ALADIN-HIRLAM system. According to the ALADIN-HIRLAM
collaboration agreement, all members of the ALADIN and
HIRLAM consortia are allowed to license the shared ALADINHIRLAM codes within their home country for noncommercial
research. Access to the HCLIM codes can be obtained by contacting one of the member institutes of the HIRLAM consortium (see
links at http://www.hirlam.org/index.php/hirlam-programme-53,
last access: 29 July 2019). Access will be subject to signing a
standardized ALADIN-HIRLAM license agreement (http://www.
hirlam.org/index.php/hirlam-programme-53/access-to-the-models,
last access: 29 July 2019). The RoadSurf code is not in the public
domain and cannot be distributed.

Data availability. Due to the very large size of the data files, the
data are not publicly available. The data files can be requested from
the first author.
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Appendix A: The maintenance classes of the roads
during wintertime in Finland (Finnish Transport
Agency, 2018)
A1 Maintenance class 1 (lse):
The road is kept bare most of the time. The slipperiness
of the roads is prevented beforehand, but mild slipperiness
might occur in the case of a rapid change in the prevailing
weather. Salting is not possible during long-lasting cold periods, which can lead to partially frozen road surfaces. The
maintenance is timed so that inconvenience for traffic is minimized.
A2 Maintenance class 2 (ls):
The road is kept bare most of the time. The aim is to prevent
slipperiness beforehand, but mild slipperiness might occur
in the case of a rapid change in the prevailing weather. The
central and northern parts of Finland, and also the southern
part of the country (only during the coldest periods), might
have a thin ridge of snow packed on the road, which does
not particularly affect driving. Salting is not possible during
long-lasting cold periods, which can lead to partially frozen
road surfaces.

Geosci. Model Dev., 12, 3481–3501, 2019

A3

Maintenance class 3 (lb):

The road is kept bare most of the time. The aim is to prevent
slipperiness beforehand, but mild slipperiness might occur in
the case of a rapid change in the prevailing weather. During
the coldest periods, there might be shallow and narrow ridges
of snow packed on the road. Salting is not possible during
long-lasting cold periods, which can lead to partially frozen
road surfaces.
A4

Maintenance class 4 (l):

The road is maintained at a fairly high standard but mostly
without salt. The surface of the road is partially bare depending on the traffic volume and weather. There might be ridges
of snow packed on the road and the road might also be fully
covered with a snowpack. The road is kept safe enough for
the road users. The possible snowpack on the road surface is
smoothed. Slipperiness is prevented beforehand only in the
autumn and spring and in the case of particularly hazardous
situations.
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Abstract
Convection-permitting climate models have shown superior performance in simulating important aspects of the precipitation climate including extremes and also to give partly different climate change signals compared to coarser-scale models.
Here, we present the first long-term (1998–2018) simulation with a regional convection-permitting climate model for FennoScandinavia. We use the HARMONIE-Climate (HCLIM) model on two nested grids; one covering Europe at 12 km resolution
(HCLIM12) using parameterized convection, and one covering Fenno-Scandinavia with 3 km resolution (HCLIM3) with
explicit deep convection. HCLIM12 uses lateral boundaries from ERA-Interim reanalysis. Model results are evaluated against
reanalysis and various observational data sets, some at high resolutions. HCLIM3 strongly improves the representation of
precipitation compared to HCLIM12, most evident through reduced “drizzle” and increased occurrence of higher intensity
events as well as improved timing and amplitude of the diurnal cycle. This is the case even though the model exhibits a cold
bias in near-surface temperature, particularly for daily maximum temperatures in summer. Simulated winter precipitation is
biased high, primarily over complex terrain. Considerable undercatchment in observations may partly explain the wet bias.
Examining instead the relative occurrence of snowfall versus rain, which is sensitive to variance in topographic heights it
is shown that HCLIM3 provides added value compared to HCLIM12 also for winter precipitation. These results, indicating
clear benefits of convection-permitting models, are encouraging motivating further exploration of added value in this region,
and provide a valuable basis for impact studies.
Keywords Convection-permitting climate modeling · HARMONIE-climate · Fenno-Scandinavia · Precipitation · Diurnal
cycle · Extremes
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Projected future warming in northern Europe is among the
largest in the world, driven to a large extent by the strong
positive feedback involving reduction of snow and ice as the
climate warms (Collins et al. 2013). As a result of global
warming, the probabilities for winter cold episodes in this
region are projected to decrease significantly (Benestad
2011) and summer warm extremes to be more pronounced
(e.g. Nikulin et al. 2011). Further, the hydrological cycle
intensifies (Bengtsson 2010) leading to more precipitation as well as more intense extreme events (e.g. Vautard
et al. 2014). Projected changes in precipitation amounts,
snowpack and snow cover will considerably impact surface
hydrology through, for example, changed surface runoff as
well as timing and amplitude of the spring flood (von Storch
et al. 2015).
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Several observational studies have assessed extreme precipitation events in the Fenno-Scandinavian region and the
associated role of certain atmospheric circulation patterns,
on an annual basis (Irannezhad et al. 2017) as well as for
the cold (e.g. Azad and Sorteberg 2017; Mazon et al. 2015)
and warm (e.g. Hellström 2005) seasons. In fall and winter,
when westerly and south-westerly winds dominate, there is
a strong orographic control of precipitation distribution and
amounts (Isemer et al. 2015). Weather and climate models’ ability to reproduce spatial distributions and amounts
in the Scandinavian mountains is therefore related to their
representation of topography in the model. For example,
Pontopiddan et al. (2017) showed the importance of model
grid resolution in accurately reproducing a heavy rainfall
event occurring in an area of steep topography in southern
Norway. Compared to observations a model with kilometer
scale grid spacing performed much better than a coarser
model and reanalysis.
During summer, heavy rainfall events are still mostly
associated with large-scale cyclonic activity (Hellström
2005), however, the relative importance of convective thunderstorms and rain showers increases (Isemer et al. 2015),
which may be diurnally forced or embedded in meso-scale
or frontal systems. Weather and climate models struggle to accurately represent atmospheric convection since
it involves dynamical and thermo-dynamical interactions
from the small turbulent scales (< 1 km) to the large synoptic scales O(1000 km) (Bryan et al. 2003; Molinari and
Dudek 1992; Arakawa 2004). With the typical grid spacing
of O(10–50 km) of regional climate models (RCMs) convective processes are at best only partly resolved and are
therefore usually parameterized, even though some recent
studies indicate that convection parameterization may not be
needed even at those grid spacings (Vergara-Temprado et al.
2020). RCMs with parameterized convection commonly
show biases in precipitation characteristics similar to those
seen in coarser-resolution global climate models (GCMs)
(Liang 2004; Brockhaus et al. 2008). Major deficiencies
include too large areas of precipitation when compared to
observations and generally too frequent weak intensities (the
“drizzle” problem) (e.g. Dai 2006; Stephens et al. 2010), and
a premature onset and too early peak of diurnally forced convective precipitation, presumably because of the difficulty
of representing convective inhibition (e.g. Brockhaus et al.
2008; Dai and Trenberth 2004; Dai 2006).
The inherent problems associated with parameterization of atmospheric convection has motivated interest in
higher-resolution (< 4 km) models that allow treating deep
convection as largely resolved rather than parameterized, so
called “convection-permitting” models (Prein et al. 2015).
Convection-permitting regional climate model (CPRCM)
simulations have been widely shown to alleviate, at least
to some extent, these biases. Compared to RCMs with
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parameterized convection such improvements have been
most evident through a closer match of the diurnal cycle to
observations (e.g. Leutwyler et al. 2017; Ban et al. 2014;
Prein et al. 2013a; Brisson et al. 2016; Gao et al. 2017;
Belušić et al. 2020) and improved representation of subdaily high-intensity precipitation events (e.g. Murata et al.
2017: Lind et al. 2016, Ban et al. 2014; Kendon et al. 2014;
Fosser et al. 2015). CPRCMs have also shown higher skill
in simulating seasonal characteristics of snow conditions,
such as snow pack and snow cover, in mountainous areas
(Ikeda et al. 2010; Prein et al. 2013b: Kawase et al. 2018;
Rasmussen et al. 2011).
Importantly, uncertainties in future climate responses of
precipitation on the regional and local scale, particularly
short-duration intense convective precipitation events, are
in part related to the inability of coarser resolution climate
models to represent these small-scale atmospheric processes, land-sea contrasts, mountain-valley circulations
and fine scale surface properties (Kendon et al. 2017; Pontopiddan et al. 2017; Prein et al. 2015; Westra et al. 2014;
Langhans et al. 2013). Moreover, CPRCMs have been shown
to potentially respond differently to warming with sometimes stronger increase in precipitation extremes than in
coarser scale models (e.g. Kendon et al. 2014; Lenderink
et al. 2019). Improved performance and different response
strongly motivates the use of CPCRMs despite the requirement of large computational resources.
High-resolution climate modeling efforts over FennoScandinavia have so far been relatively few. Many of the
existing efforts are either part of large pan-European multimodel experiments (Christensen and Christensen 2007;
Jacob et al. 2014) where spatial resolution has been limited
to at best around 10 km, or short-term single-model experiments over parts of the Fenno-Scandinavian region at higher
spatial resolution (e.g. Xu et al. 2019; Pontopiddan et al.
2017; Heikkilä et al. 2011; Larsen et al. 2013; Mazon et al.
2015; van Pham et al. 2016).
In this study, we present a two-decade long simulation
using the HARMONIE-Climate regional climate model,
cycle 38 (HCLIM38-AROME) run at 3 km grid spacing
over Fenno-Scandinavia. Lateral boundary conditions are
provided by data from global reanalysis, with an intermediate nesting step at 12 km grid spacing using HCLIM38ALADIN (Belušić et al. 2020). The simulations have been
conducted within the Nordic Convection Permitting Climate
Projections project (NorCP). NorCP aims to increase the
knowledge of climate processes and changes as well as provide detailed climate information over the Fenno-Scandinavian region using the next generation high-resolution climate models. Scenario simulations have also been conducted
within NorCP, downscaling two GCMs with otherwise the
same model setup as in this study. These results will be presented in a separate paper.
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The finer model grid resolution combined with the
extensive simulated time period enables us, for the first
time, to assess the performance of a CPRCM on climatological time scales over Fenno-Scandinavia. The first
part of the paper is devoted to describe the ability of
HCLIM38-AROME and the intermediate step HCLIM38ALADIN to represent climate conditions at continental
to sub-continental and seasonal to multi-annual space
and time scales in Fenno-Scandinavia. The second part is
focused on the added value of the high resolution and we
investigate to what extent HCLIM38-AROME improves
the representation of regional to local scale climate features compared to HCLIM38-ALADIN, primarily in terms
of precipitation.

2 Data and methods
2.1 Model and experiments
HCLIM38 (Lindstedt et al. 2015; Lind et al. 2016; Belušić
et al. 2020) is a regional climate modeling system based
on the ALADIN-HIRLAM NWP system (Bengtsson et al.
2017; Termonia et al. 2018). A comprehensive description
of HCLIM38 model system is presented in Belušić et al.
(2020) and only a brief overview is provided here. The
HCLIM38 model system provides flexibility as it contains
a suite of different physics packages, each adapted for different horizontal grid resolutions. In this study, two packages are applied; (1) AROME which is designed for convection-permitting scales (< 4 km) and which is used with
non-hydrostatic dynamics (Bengtsson et al. 2017; Seity
et al. 2011; Termonia et al. 2018), and, (2) ALADIN which
is the limited-area version of the global model ARPEGE
and the default option in HCLIM38 for grid spacings ≳
10 km (Termonia et al. 2018).
HCLIM38-ALADIN has been run over a domain covering a large part of Europe and eastern North Atlantic
(Fig. 1) on a grid with horizontal resolution of 12 km,
65 levels in the vertical and the time step of 300 s. The
boundary data were taken from the global ERA-Interim
reanalysis (Dee et al. 2011) on a grid with approximately
80 km resolution in the horizontal, available every 6 h.
The higher resolution simulation was performed using
HCLIM38-AROME on a 3-km grid (Fig. 1) with 65 vertical levels and the time step of 75 s. HCLIM38-ALADIN
provided boundary data every 3 h. The model simulations
cover the years 1997–2018 treating the first year as spinup not used for model evaluation. For convenience, from
now on the shorter HCLIM3 and HCLIM12 acronyms will
be used for HCLIM38-AROME and HCLIM38-ALADIN,
respectively.

Fig. 1  Domain used in the HCLIM12 simulation. The nested
HCLIM3 domain is represented by the inner black rectangle. The
color scale represents the altitude above mean sea level in meters. The
magenta colored polygon defines the Fenno-Scandinavian region used
in the analysis

2.2 Verification data
HCLIM model simulations are evaluated against a number
of different observations and reanalysis products, summarized in Table 1. Observations are associated with, sometimes substantial, uncertainties that originate from multiple
sources. These include instrument errors and uncertainties,
location representativeness (e.g. point measurements from
meteorological stations or areal averages from remote sensing), post-processing (interpolation to a grid, quality checks)
and spatial and temporal characteristics of the variable itself
(Kotlarski et al. 2019; Lundquist et al. 2019; Prein and Gobiet 2017; Herrera et al. 2019). Systematic biases in gaugebased observations of precipitation can be large, especially
in windy conditions and for snowfall (Lussana et al. 2018;
Adam and Lettenmeier 2003; Rubel and Hantel 2001). The
main factors contributing to these biases are the local deformation of the wind field by the gauge (Wolff et al. 2015),
wetting and evaporation losses as well as underestimation of
trace amounts (Yang et al. 2005; Rasmussen et al. 2012), all
conspiring to lower precipitation sums compared to the real
values. In general for the Baltic Sea area, Rubel and Hantel
(2001) estimate that undercatch may be up to 20–50% in
winter while being less than 5% in summer.
Climate model evaluation exercises, wherever possible,
rely on gridded reference data sets which involves spatial
analysis and interpolation of point measurements onto a
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Table 1  Observational and reanalysis data sets used in the model evaluation
Data set

Description

Variables used

Time period

Resolution

References

ERA5

ECMWF reanalysis

1998–2018

Gridded obs
Version 20.0 e
CM-SAF
AVHRR, second gen
Gridded obs
Fenno-Scandinaviaa
Gridded obs
Norway
Gridded gauge-corrected
radar data
Sweden
Gridded obs Denmark

1998–2018

SWd, clt

1998–2015

T2m, Pr

1998–2018

Pr

2010–2018

Pr

2000–2014

~ 30 km
Daily/hourly
0.1 deg
Daily
0.25 deg
Daily
1 km
Daily
1 km
Hourly
2 km
Hourly

Hersbach et al. (2018)

E-OBS

MSLP, T2m, Pr, clt,
SWd, LWd, SH, LH
MSLP, T2m, Pr

Pr

2011–2019

CLARA-A2
NGCD
SeNorge
HIPRAD
Klimagrid Danmark

1 km
Hourly

Cornes et al. (2018)
Karlsson et al. (2017)
Lussana et al. (2018)
Lussana et al. (2018)
Berg et al. (2016)
Wang and Scharling (2010)

See text for explanation of acronyms for variables
a

Not including Denmark

regular grid. The quality of these products largely depends
on the availability of stations to base the interpolation on,
implying that in regions where station density is low the
quality of the gridded product is also lower (Herrera et al.
2019). Obtaining high-quality observational data over mountainous areas is notoriously difficult due to the large spatial
variability over the terrain and the lack of dense networks of
stations in these regions (Hughes et al. 2017; Lussana et al.
2018; Lundquist et al. 2019). Lundquist et al. (2019) even
conclude that for many mountain ranges, high-resolution
atmospheric models actually capture range-wide annual
precipitation with larger accuracy than the collection of precipitation gauges. A few existing gridded datasets quantify
uncertainty estimates through the production of ensemble
values. For example, Newman et al. (2015) created a stationbased gridded data set of ensembles of daily precipitation
and temperature for the conterminous United States. In addition to providing more rigorous estimation of uncertainty
this also allows uncertainty estimates to be propagated in
downstream applications such as hydrological modeling
where uncertainties in input meteorological fields are important. From version 16 and onwards of the pan-European
gridded E-OBS data set, a new method of interpolation has
been applied generating a 100-member ensemble for each
daily field of precipitation and temperature (mean, maximum
and minimum) (Cornes et al. 2018). The uncertainty quantified by the ensemble only relates to interpolation uncertainty
and, as such, is more closely related to uncertainty due to
station density than uncertainty in the original data.
Here the model data is compared to the ensemble mean of
the E-OBS ensemble using the spread (given by the 5–95%
span of the ensemble members) as a measure of the observational uncertainty. Additionally, in some of the figures,
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the model mean values are related to the inter-annual variability in E-OBS (not to confuse with the ensemble spread),
calculated as standard deviations and presented as either
grey vertical bars or shadings. Despite the different horizontal resolutions between E-OBS and NGCD (Table 1), the
number of stations over Fenno-Scandinavia used in their
generation is similar. However, NGCD is based on different
interpolation methods, namely Bayesian spatial interpolation, achieving a very high grid resolution of 1 × 1 km. It is
important to note that while terrain height in the Scandinavian mountains can reach 2000 m or more, most stations are
located below 1000 m, in for example valleys (see Fig. 1 in
Lussana et al 2019). This causes large uncertainty in precipitation and temperature values over high-alpine areas and
mountain ridges.
In the national datasets, the number of stations is similar or even somewhat larger than used in E-OBS. However,
as illustrated in Fig. S1 in Supplementary material, E-OBS
includes very few stations over Denmark, while Klimagrid
(Table 1) is based on a much denser network, cf. Wang and
Scharling (2010). Still, the hourly datasets for precipitation
used here are mostly based on lower number of stations
compared to their corresponding daily records and/or cover
shorter time periods, and are therefore associated with larger
uncertainties. The HIPRAD dataset differs from SeNorge
and Klimagrid as it is based on radar data and uses data from
around 700 rain gauges to correct climatological bias (Berg
et al. 2016), thus providing good spatial coverage (except in
the mountains). HIPRAD cover the years 2000–2014, however, due to relatively frequent and occasionally extended
gaps in the data during the first few years, we only consider
the time period 2005–2014.
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For the evaluation of HCLIM on seasonal and monthly
time scales, all data is remapped to the coarsest grid unless
indicated otherwise. However, it is as important to assess
the impact on the results using all available data, especially in assessing the added value of HCLIM on kilometer-scale resolution. Therefore, a section is dedicated to
investigate the benefits of HCLIM3 using model data and
observations on native grids. Since most verification data
is available for land areas only (except ERA5 and CLARAA2), when data is averaged over the Fenno-Scandinavia
region (as defined by the magenta colored polygon in
Fig. 1) we consider only land points. The analyzed period
is reduced to match the observations (unless otherwise
stated). In addition to the data sets in Table 1, stationbased observations provided by the Norwegian meteorological institute (MET Norway) (Lussana et al. 2018) and
the Swedish Meteorological and Hydrological Institute
(SMHI) (available from https://www.smhi.se/data) have
been used. Standard evaluation metrics such as mean bias,
root-mean-square error (RMSE) and Pearson correlation
coefficient (PCC) are used in the study.

2.3 Precipitation analysis
Precipitation is characterized by strong heterogeneity, both
in space and time; from large multi-day synoptic scales
associated with cyclones and frontal systems, through
meso-scale features like squall lines and orographic uplifting, down to isolated convective showers with lifetimes of
an hour or less. The “Analyzing Scales of Precipitation”
(ASoP) method (Klingaman et al. 2017; Berthou et al.
2018) provides a valuable means to evaluate the spatial
and temporal aspects of precipitation distributions. In
ASoP, the precipitation distribution is separated into discrete bins of different precipitation intensities. The bins
are defined in such a way that the number of events in each
bin is similar (Klingaman et al. 2017). The contribution of
each bin to the total precipitation is expressed as either an
actual or fractional contribution. In the former, for each
bin the frequency of events (i.e. counts) is multiplied by
its mean precipitation giving a contribution in units of
mm per time unit. The sum of all bins is then equal to
the total mean precipitation of the full distribution. The
actual contribution provides information on how much
each precipitation rate (each bin) contributes to the total
mean and which parts of the distribution are responsible
for eventual biases (if compared to another distribution).
The fractional contribution is retrieved by scaling each
bin’s actual contribution by the total mean precipitation,
thus providing information on the relative contribution
of different precipitation intensities, i.e. the shape of the
distribution regardless of total precipitation. A fractional
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contribution index (FC) is defined following Berthou et al.
(2018) and given by;
∑
ref
FC(mod, ref ) =
|FCmod
− FCi |,
i
i

quantifying the absolute differences in fractional contributions per intensity bin (FCi) between a model (mod)
and reference data (ref). The FC values ranges between
0 for a perfect match and 2 for no overlap at all. We will
show percentage differences between FC(HCLIM3, ref) and
FC(HCLIM12, ref) which implies that a negative difference
means added value in HCLIM3 compared to HCLIM12 and
vice versa for a positive difference.
ASoP may be applied to each grid point in a domain,
allowing one to assess the spatial patterns of the precipitation distribution. The method is applicable to any input grid
and temporal resolution. Here, ASoP is calculated per grid
point, both while keeping data on native grids and when
remapped to a common grid before calculation. This is done
for both daily and hourly time scales.

3 Results and discussion
3.1 Large‑scale circulation, precipitation
and temperature
The large-scale circulation over northern Europe and Scandinavia is characterized by strong westerly flow during the
cold season when the storm track over the North Atlantic
is in its most active phase (Fig. 2a), turning to generally
higher mean sea-level pressure (MSLP) and weaker gradients during the summer. The seasonal MSLP patterns in both
configurations of HCLIM are similar to ERA5 over FennoScandinavia. Positive anomalies (higher pressure) are visible in summer (June, July, August—JJA) over continental
Fenno-Scandinavia, and negative anomalies north of and
over northernmost Fenno-Scandinavia in winter (December,
January, February—DJF). In winter, when low-pressure systems frequently pass over the region, the variability of daily
mean MSLP averaged over Fenno-Scandinavia is larger than
in summer (Fig. 2b, top panel). The variability is similar in
E-OBS and ERA5 and is well reproduced in HCLIM with
the exception of an underestimation of the MSLP associated
with the strongest high-pressure situations in winter in both
HCLIM12 and HCLIM3.
Both HCLIM12 and HCLIM3 have, on average, larger
precipitation amounts than observations throughout the year
over Fenno-Scandinavia (Fig. 3; Table 2a), although still
within E-OBS inter-annual variability (here defined as plus/
minus one standard deviation of monthly mean values in
Fig. 3). Further, we note that the seasonally averaged 90%
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Fig. 2  a DJF and JJA seasonal means of daily MSLP in ERA5 (contour lines at 1 hPa intervals) and differences between HCLIM and
ERA5 (shading, units are in hPa). b Boxplot of DJF and JJA daily
values of MSLP (top), precipitation (middle) and T2m (bottom) in

HCLIM, E-OBS and ERA5 averaged over land grid points in FennoScandinavia. The boxes show medians (middle grey line), interquartile range (box heights), the whiskers represent 5th and 95th percentiles and dots are outliers

Fig. 3  Annual cycles of precipitation (a) and T2m (b) anomalies with
respect to E-OBS over Fenno-Scandinavia. Solid lines represent all
grid points and dotted lines grid points below 500 m altitude based

on E-OBS orography. Dashed lines are T2m from the open land tiles
in HCLIM. Vertical grey bars represent ± one standard deviation of
E-OBS monthly mean values

E-OBS ensemble spread, reflecting interpolation uncertainties, is relatively large in both seasons (Table 2a; Fig.
S1), particularly in summer, and the region average biases
in both HCLIM12 and HCLIM3 are less than half of this
spread. The differences between the models are largest in
late spring and summer when HCLIM12 simulates excessive

precipitation amounts compared to HCLIM3. In the dominating westerly flow the majority of the accumulated winter
precipitation falls at the western continental boundary of
Fenno-Scandinavia, west and upslope of the Scandinavian
mountains but also with local maxima in western Denmark
and southern Sweden (Fig. 4). The lee effect of this barrier
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Table 2  (a) DJF and JJA seasonal mean values of daily precipitation (Pr; in mm/day) and daily T2m (mean), T2mx (maximum) and T2mn (minimum) temperatures in °C
(a)

Pr

T2m

T2mx

T2mn

E-OBS
HCLIM12–E-OBS
HCLIM3–E-OBS
E-OBS
HCLIM12–E-OBS
HCLIM3–E-OBS

2.0 (1.9)
0.2 (14.4)
0.3 (18.8)
2.6 (3.1)
0.7 (25.8)
0.2 (7.1)

− 6.7 (2.2)
− 1.0
− 0.4
12.9 (1.8)
− 1.2
− 1.3

− 3.5 (2.7)
− 1.5
− 1.1
17.6 (2.4)
− 2.6
− 2.6

− 10.2 (3.2)
− 0.3
0.3
8.5 (3.1)
− 1.2
− 1.3

(b)

clt

SWd

RNS

SH

LH

HCLIM12
RMSE (PCC)
HCLIM3
RMSE (PCC)

3.7 (0.84)

13.0 (0.80)

8.5 (0.89)

14.4 (0.44)

9.8 (0.78)

6.0 (0.74)

16.3 (0.74)

10.9 (0.89)

12.1 (0.38)

9.7 (0.77)

DJF

JJA

Data is averaged over the Fenno-Scandinavia region. For E-OBS the values in parenthesis are the 90% ensemble uncertainty ranges (see Sect. 2),
and for the model-E-OBS differences in Pr the numbers in parenthesis represent the biases in percent (%). (b): Summer (JJA) season RMSE and
PCC in HCLIM compared to CLARA-A2 for total cloud cover fraction (clt) and short-wave down-welling radiation at surface (SWd), and compared to ERA5 for surface net radiation (RNS), surface sensible (SH) and latent (LH) heat fluxes

Fig. 4  DJF (top panels) and JJA (bottom panels) daily mean precipitation in E-OBS (left column) and differences to HCLIM12 (middle) and
HCLIM3 (right). Units in mm/day

gives rise to a strong negative eastward gradient in precipitation amounts. This feature is well captured by HCLIM; however, larger differences are seen over complex topography

and over the northernmost parts of Norway, Sweden and
Finland, where observations show a minimum. There simulated precipitation is around 0.5–2 mm/day larger than
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observations, corresponding to > 50% higher values (Fig. 4
and supplementary Figure S2). However station density
is relatively low and thus uncertainty levels in E-OBS are
higher (Fig. S1). In addition to higher amounts of winter
precipitation HCLIM and ERA5 overestimate the variance
of daily mean values over Fenno-Scandinavia compared to
E-OBS (Fig. 2b, middle panel). In summer HCLIM12 is on
average approximately 25% wetter than E-OBS (Table 2a)
with extensive areas of 10–50% higher amounts (Fig. 4, Fig.
S2). In HCLIM3, on the other hand, average summer precipitation is represented more accurately; somewhat drier
in the south and south-east and wetter in the north, again
mostly along the mountain range, but on average in good
agreement with E-OBS (Figs. 3, 4; Table 2a).
As discussed earlier (Sect. 2), high-resolution (~ 5 km
grid spacing or less) atmospheric models have often shown
improved temporal and spatial distributions of precipitation
over complex terrain (Lundquist et al. 2019; Hughes et al.
2017; Prein et al. 2013b), due to better resolved dynamics and processes and their interactions with the strongly
heterogeneous surface. Ikeda et al. (2010) performed nonhydrostatic model simulations at kilometer-scale resolution
over the Colorado headwaters in the US for a set of winter
seasons, and results showed good agreement with observations. Similar conclusions have also been drawn in studies
over other mid-latitude areas with complex terrain, for example Japan (e.g. Kawase et al. 2018). However, in HCLIM3
the wet bias over high-altitude terrain (compared to E-OBS
and NGCD) is larger than in HCLIM12. Part of this could
be related to model physics, for example the micro-physics
(e.g. Liu et al. 2011). Also, in HCLIM fixed values are used
for the cloud concentration nuclei (CCN) numbers over sea
(100/cm3), land (300/cm3) and cities (500/cm3). Preliminary
sensitivity results over Norway indicate that using more realistic CCN values can improve the negative bias in precipitation seen in the coastal regions and the positive bias over
mountainous regions (O. Landgren, conference presentation,
Joint 30th ALADIN Workshop and HIRLAM ASM 2020).
However, part of the wet bias seen here in winter is likely
due to too low precipitation values in E-OBS. In addition
to undercatch problems (which are not accounted for in the
production of E-OBS data set), the sparseness of stations in
mountainous regions mostly located below high-alpine areas
and peaks, leads to high uncertainties and likely underestimated precipitation sums (Isotta et al. 2015). Also, Lussana
et al. (2018) argue that the SeNorge observation data set,
covering Norway and part of NGCD data set (see Table 1),
underestimates precipitation over southern Norway, a region
where HCLIM, especially HCLIM3, has a wet bias compared to E-OBS (Fig. 4). Interestingly, Crespi et al. (2019)
was able to improve monthly climatologies of precipitation
over Norway, especially in remote mountainous regions, by
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combining the output of another simulation with HCLIM
run at 2.5 km resolution with in situ observations.
As E-OBS and NGCD show similar amounts this indicates that the apparent bias in HCLIM may partly be due
to problems with the observations. Using only grid points
located below 500 m altitude (according to orography in
E-OBS) reduces the winter wet bias in HCLIM3 by nearly
50% and to a lesser extent in HCLIM12 (Fig. 3). Still, as
seen in Sect. 3 below, added value is emergent in HCLIM3
over the Scandinavian mountains when comparing snow and
rain ratios directly to in situ observations.
Prior to analysis of the near-surface temperature (T2m)
the model data have been interpolated to the E-OBS grid
and height compensated for altitude differences between
the topography of the models and E-OBS, assuming a timeinvariant lapse rate of 0.65 K/100 m. Daily mean T2m is
overall lower in HCLIM compared to observations and reanalysis in most seasons (Figs. 3, 5; Table 2a), especially in
summer when both HCLIM12 and HCLIM3 have larger differences than half of the E-OBS ensemble spread (Table 2a).
At the same time, we note that a cold bias in T2m in winter
and summer over Fenno-Scandinavia has been seen in other
state-of-the-art RCMs as well (see e.g. Figure 2 in Belušić
et al. 2020) indicating a common model deficiency. The
cold bias in HCLIM is most pronounced in northern FennoScandinavia during the summer months where, on average,
the simulated daily mean T2m is around 2 °C too low in
both HCLIM3 and HCLIM12 (Fig. 5). In DJF colder temperatures compared to E-OBS are collocated over the Scandinavian mountains, especially over the ridge. The differences are in part related to differences in orographic heights
in the model and observations, and with the more accurate
representation of orography in HCLIM3 the differences are
smaller. Although a lapse rate-correction of T2m has been
applied, we note that this can sometimes be problematic during winter when inversions are present in the valleys. East
of the mountains, over mid- and northern Sweden and over
Finland there are higher winter temperatures of up to 1–2 °C
in the model. As seen in Fig. 2b (bottom panel), the variance
of daily mean temperature in winter is underestimated (more
so in HCLIM3 than in HCLIM12). In particular days with
low temperatures (lower quartile and outliers in box plot) are
underrepresented, indicating underestimation of the intensity
and/or frequency of cold days.
The mean diurnal range of T2m is underestimated compared to E-OBS both in winter and summer except over the
Scandinavian mountains, the Baltic states and Denmark
where the range is similar or overestimated (Fig. 6). A comparison of daily minimum and maximum temperatures provides further insight. The smaller range in winter is mainly
due to higher minimum temperatures than in E-OBS (reaching 3–4 °C higher values in some parts of northern Sweden
and Finland), although lower maximum temperatures also
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Fig. 5  DJF (top row) and JJA (bottom row) daily mean T2m in
E-OBS (left column) and differences to HCLIM12 (middle) and to
HCLIM3 (right). To account for differences in topography due to

different grid resolutions, each grid point in HCLIM was height corrected to the E-OBS topography, using a standard atmosphere lapse
rate of − 0.65 °C/100 m

contribute to a lesser extent (Fig. S5). In the warm season,
with emphasis in summer, HCLIM suffers from strong
underestimation of the daily maximum temperatures, with
biases larger than the entire 90% ensemble spread in E-OBS
(Table 2a). The largest differences, up to approximately 4 °C
lower maximum temperatures, occur over northern Scandinavia. However, the minimum temperatures are at the same
time also lower than observations (not shown), offsetting
some of the bias in diurnal range due to maximum temperatures alone. We note that in parts of Denmark, northern Poland and the Baltic states the combination of daily
minimum temperatures being colder and the daily maximum temperatures somewhat warmer results in the diurnal
temperature range to be significantly overestimated. However, the uncertainty in E-OBS daily minimum and maximum temperatures is high in these areas with a 90% spread
between 3–4 °C (Fig. S1) making it difficult to judge the
severity of the model bias. We conclude that

• HCLIM exhibits a significant cold bias in summer, below

reported observation uncertainty, which is to a large part
attributed to too low daily maximum temperatures.
• In winter, daily minimum temperatures are higher in
HCLIM compared to observations, especially in northern
part of Fenno-Scandinavia.
• Both above points lead to an underestimation of the diurnal temperature range.

The too warm daily minimum temperatures in winter
may partly be due to an underestimation in HCLIM of
the most intense MSLP situations (Fig. 2b). Such highpressure conditions are characteristic of a blocking
anti-cyclonic circulation pattern, a feature that has been
shown to be underestimated also in other RCMs over
Europe compared to reanalysis data (Jury et al. 2019).
Furthermore, since modeled T2m values presented here
are grid point averages, these are weighted values from
different surface tiles and patches. In our simulations, two
patches per grid point over continental natural surfaces
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Fig. 6  Same as in Fig. 5 but for mean diurnal range of the near-surface temperature, i.e. the difference between daily maximum and minimum
temperatures

are used—open land and forest. However, observation
stations are mainly located in open land areas or forest
glades which during the winter often exhibit colder local
conditions than forested areas (Samuelsson et al. 2011;
Li et al. 2015). One reason for the colder conditions are
the generally higher albedo over open land compared
to forest, with an even stronger albedo difference in the
presence of snow (as snow partly resides under instead
on top of the forest canopy). Also, the forest canopy has
generally larger roughness lengths than open land which
hinders development of very stable conditions and subsequent strong nocturnal cooling that frequently occurs in
winter. Using model open land T2m instead of the grid
cell average has distinct seasonal impacts on the results. In
winter, open land daily mean temperatures are indeed lowered which leads to an even stronger domain average cold
bias compared to observations (dashed lines in Fig. 3b.
See also supplementary Figure S4). Both daily maximum
and minimum temperatures are colder than grid average
values. The warm bias in minimum temperatures seen for
grid average values over large areas in northern Sweden
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and Finland turns to a cold bias compared to E-OBS (Fig.
S4). A consequence of this is that the amplitude of the
diurnal cycle in open land T2m is higher compared to that
in the grid cell average and is therefore in closer agreement with observations (Fig. S6). In contrast, in summer
the grid average and open land temperatures are overall
very similar.

3.2 Clouds and radiation
In this section, we make a limited evaluation of cloud cover
and surface radiation and heat fluxes in HCLIM, focusing on
the summer months. As seen in Fig. 7, compared to ERA5
HCLIM3 has around 20–30 W/m2 lower values of net surface radiation (RNS) during the daylight hours in summer.
This is mostly due to lower fluxes of incoming solar radiation (see below) that further cause the sensible heat (SH)
fluxes to also be underestimated. In HCLIM12 the bias in
RNS is also negative but not as large. However, it overestimates the latent heat (LH) fluxes while underestimating
SH fluxes, which is most likely related to the overly wet
conditions (Figs. 3, 4) leading to a stronger near-surface
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Fig. 7  DJF (a) and JJA (b) diurnal cycles of the surface energy
budget; solid lines represent net surface radiation flux (RNS), dashed
lines the latent heat (LH) fluxes and dot-dashed lines the sensible heat

(SH) fluxes. Units are in W/m2. Grey shading around ERA5 represents ± one standard deviation of seasonal mean values (for each
3 h-step)

evaporative cooling. HCLIM3 on the other hand has similar LH as ERA5 but underestimates SH, which means that
the Bowen ratio is lower in HCLIM3. The annual cycle of
monthly mean shortwave down-welling radiation (SWd) in
HCLIM was further compared to 17 measurement stations
located over Sweden and operated by the Swedish Meteorological and Hydrological Institute (SMHI). This confirmed the above results; in the warm season HCLIM values
were most often lower than observations by more than one
standard deviation of the measurements (not shown), where
standard deviation was defined by the monthly inter-annual
variability in station data. On average HCLIM has between
10–15 W/m2 lower SWd fluxes (at individual sites up to
25–30 W/m2 lower), the bias being most evident for stations
located in northern Sweden.
Compared to the CLARA-A2 satellite data, HCLIM and
ERA5 both simulate larger total cloud cover (clt) fractions and correspondingly lower fluxes of SWd in JJA over
Scandinavia (Fig. 8a, b). The largest differences occur in
HCLIM3 (Table 2b), particularly over northern Scandinavia which is also the region with the largest errors in
daily maximum T2m (compare Fig. 8 with Fig. 5, see also
Fig. S7). The latter is significantly driven by the amount
of solar radiation available at the surface which peaks
around local afternoon. A comparison of cloud cover for
cloud types differentiated by height of occurrence (low-,
medium- and high-level clouds) with respect to CLARAA2 and ERA5 (not shown) indicates that the positive cloud
cover bias in HCLIM is primarily due to larger seasonal
average fractions of low-level clouds. These clouds often
make efficient shields for incoming solar radiation due
to their high opacity. The frequency distributions of JJA

monthly mean clt fractions differ between HCLIM12 and
HCLIM3 (Fig. 8c). In the CPRCM the shape of the distribution is similar to CLARA-A2 but shifted to larger
cloud fractions. HCLIM12 on the other hand has a more
narrow distribution with higher frequency of cloud cover
fractions in the 55–75% range (close to the most typical
values in CLARA-A2) and lower frequencies elsewhere.
In the frequency distributions of JJA monthly mean SWd
(Fig. 8d) there is a clear shift to lower values in HCLIM
compared to both CLARA-A2 and ERA5, with similar
biases in HCLIM12 and HCLIM3. We further note that
the seasonal means of down-welling longwave radiation
at the surface (LWd) as simulated by HCLIM are similar
to ERA5. The differences are generally within the ± 10%
range, somewhat weighted towards lower values in
HCLIM (not shown). In conclusion, in the HCLIM simulations there is evidence of:
• Too large summer season cloud cover fractions over

Fenno-Scandinavia, especially the northern part where
differences reach 15–20% compared to satellite data.
HCLIM3 has larger bias than HCLIM12 (RMSE of 6.0
and 3.7 respectively, see Table 2b).
• Concurrent underestimation of short-wave radiation
reaching the surface with a net surface radiation energy
deficit compared to ERA5.
The overestimated cloud cover is thus most likely the
major cause for the lower than observed daily maximum
temperatures through a deficit in SWd (compare e.g. Figure 5 with supplementary Figure S7).
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Fig. 8  Summer (JJA) mean of a: total cloud cover fraction (clt in percent) and b: shortwave down-welling radiation at the surface (SWd
in W/m2), in CLARA-A2 and percentage differences in HCLIM3,

HCLIM12 and ERA5 with respect to CLARA-A2. Frequency distributions of JJA monthly clt (c) and SWd (d) over Fenno-Scandinavia

RCMs inherently struggle to represent cloud structures
with, for example, often too large cloud fractions (Kothe
et al. 2011) especially for high clouds (Böhme et al. 2011)
and do not capture the diurnal cycle of some cloud types
particularly well. Using CPRCMs some of these biases are
reduced (Hentgen et al. 2019). For example several studies have shown decreased cloud fractions (Ban et al. 2014;
Brisson et al. 2016) or more frequent cloud-free conditions
(Prein et al. 2013a) in CPRCMs compared to RCMs. As a
consequence there is an increase in SWd that impacts the
near-surface temperatures.

The larger overestimation of cloud cover in HCLIM3
than in HCLIM12 thus contrasts with other studies showing instead reduced cloud fractions in the warm season in CPRCMs compared to RCMs (noting again that
HCLIM12, apart from the presence of convection parameterization, differs in model physics for the atmosphere
from that in HCLIM3). The lower Bowen ratio in HCLIM3
compared to ERA5 indicates that more energy is used in
surface evaporation and less in heating of the atmosphere
through sensible heat. This could mean a too strong moistening of the planetary boundary layer and too high cloud
cover fractions during the day which would lead to reduced
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SWd. In accordance with this, in recent NWP versions of
HARMONIE-AROME (similar physics as in HCLIM3)
there have been problems with the Leaf-Area-Index (LAI)
in the model, causing too much daytime evaporation (S.
Tijm, personal communication, May 2020). Further investigation is needed to establish the causes for the temperature, cloud and radiation biases; however, this is beyond
the scope of this study.

3.3 Benefits of high‑resolution HCLIM
In this section, we focus on investigating the added value
of applying HCLIM in convection-permitting configuration
over Fenno-Scandinavia, with emphasis on precipitation.
We address three aspects of added value by showing examples of improved performance in representing; (1) different

Fig. 9  Actual contributions per intensity bin to the total mean precipitation, units in mm per time unit. DJF (a) and JJA (b) daily precipitation over Fenno-Scandinavia, and, JJA hourly precipitation
over Norway (c), Sweden (d) and Denmark (e) compared to national
high-resolution data sets (see Table 1). Lower panels in each row
show the differences compared to reference observations (given by
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precipitation intensities including extreme precipitation, (2)
the diurnal cycle of summertime precipitation and (3) the
fraction of solid precipitation in high-altitude areas.
As shown earlier, HCLIM is on average wetter than the
E-OBS and NGCD observations over Fenno-Scandinavia
throughout most seasons (Fig. 3a). For winter, the ASoP
analysis of daily precipitation shows that almost all precipitation intensities in HCLIM12 and all in HCLIM3 contribute to the higher total mean amounts, with the largest
contribution from intensities between 1 and 10 mm/day
(Fig. 9a). HCLIM3 overestimates intensities just above
10 mm/day unlike HCLIM12, while both HCLIM3 and
HCLIM12 overestimate intensities higher than ca 30 mm/
day, possibly linked to the mentioned observational
uncertainty. In terms of fractional contribution, HCLIM3
is in closer agreement to NGCD for low (< 5 mm/day),

black lines in respective upper panels). In a, b all data has been remapped to the E-OBS grid prior to analysis. In c–e the data were kept
on native grids, except that for HCLIM3 the analysis was made both
on the native-grid data (dashed line) and the data remapped to the
HCLIM12 grid (solid line)
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Table 3  Percentage differences in FC index between HCLIM3 and HCLIM12 (see Sect. 2) for three separate intensity levels (in mm/day or
mm/h) corresponding to low, moderate and high precipitation rates

Daily precipitation
DJF
JJA
Hourly precipitation
Norway
Sweden
Denmark

Pr < 5.0 (%)

5.0 < Pr < 20.0 (%)

Pr > 20.0 (%)

Total (%)

− 51
− 94

− 36
− 92

− 49
− 90

− 44
− 92

Pr < 1.0 (%)

1.0 < Pr < 8.0 (%)

Pr > 8.0 (%)

Total (%)

− 50
− 74
− 38

− 44
− 71
− 51

− 73
− 79
91

− 49
− 72
− 30

The last column, Total, considers the full distribution. Negative values means improved performance of HCLIM3 compared to HCLIM12, and
vice versa for positive values. Tabulated data is based on results from Figure S8 in Supplement. For daily precipitation NGCD is the reference
dataset and for hourly data only JJA season is considered with SeNorge, HIPRAD and Klimagrid as reference datasets respectively

moderate (5–20 mm/day) and high (> 20 mm/day) precipitation rates (Table 3). Figure 9b shows that the wetter
conditions in summer in HCLIM compared to NGCD are
due to too large contributions from nearly all intensities,
however, the biases are smaller in HCLIM3. Furthermore,
the shape of the distribution (fractional contributions per
intensity bin) in HCLIM3 is in remarkable agreement with
NGCD (Table 3; supplementary Figure S8). HCLIM12,
on the other hand, clearly has too large contributions from
events with intensities < 10 mm/day compared to higher
intensity events.
A significant part of summer precipitation is of convective nature (either “purely” as in meso-scale convective systems or embedded in larger scale features like cold fronts)
and tend to be of short duration with moderate or high intensities (Prein et al. 2017). The more accurately captured summer daily precipitation distribution in HCLIM3 most likely
reflects an improved representation of these convective
events. This is further investigated through analysis of summer precipitation on the hourly time scale over three regions
where observations are available (Table 1): Norway, Sweden
and Denmark. The ASoP analysis (Fig. 9c–e) reveals that for
all three regions HCLIM12 overestimates the contribution
from low-to-moderate intensities (below ca 3 mm/h, see also
Figure S8), which is a symptomatic behavior seen in coarser
scale RCMs (Leutwyler et al. 2017; Berthou et al. 2018).
The too frequent “drizzle” in HCLIM12 is relatively independent of the geographical location; compared to NGCD
the model has generally 30–70% higher frequencies of wet
days (see supplementary Figure S3). For higher intensity
events (5–20 mm/h), on the other hand, HCLIM12 has lower
contribution than observed. In HCLIM3 contributions from
low-to-moderate intensity events are reduced and total mean
differences are small (Fig. 9c–e). As for daily precipitation
the shape of the distributions in HCLIM3 are markedly
closer to observations with improvements of around 40–70%
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for low, moderate and high intensities (Table 3; Fig. S8).
There is a tendency in HCLIM3 to have larger contributions from more extreme precipitation rates, between 5 and
20 mm/h, compared to observations, especially in Denmark
(Fig. 9e). The small differences between HCLIM3 results
on native grid and on the HCLIM12 grid (only a marginal
shift to higher intensities on the native grid) bear witness to
up-scale added value, i.e. that the improved performance of
HCLIM3 still remains even if data is spatially aggregated
prior to analysis. The uncertainties in observations are generally larger for more intense precipitation events. In summer, extreme precipitation is often characterized by shortduration localized events and thus may be misrepresented
in observations or missed entirely. The larger contributions
in HCLIM3 compared to Klimagrid for high precipitation
rates (Fig. 9e), where HCLIM12 is in closer agreement, are
very likely in part due to underestimation of intense events
in the Klimagrid observations. Klimagrid is based solely on
station data (rain gauges) and thus intense localized events
are expected to be underestimated to some extent due to
incomplete spatial coverage.
Of particular interest is the question of how precipitation extremes are represented in HCLIM because of its
societal and environmental impacts. Figure 10 shows differences with respect to observations of calculated higher
percentiles (above the upper quartile) for daily precipitation (DJF and JJA) over Fenno-Scandinavia and for hourly
precipitation (only JJA) over the three selected countries.
On daily time scales, irrespective of season, HCLIM3 is in
closer agreement with NGCD observations than HCLIM12,
with differences being within ± 5%. HCLIM12 and E-OBS
have overall lower probabilities. Note that all data is kept on
native grid resolutions, however, similar conclusions can be
drawn when data has been interpolated to the coarsest grid
prior to analysis (not shown). E-OBS has around 10–15%
lower estimates than NGCD, with largest differences for the
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Fig. 10  Percentiles of daily (left) and hourly (right) precipitation,
given as percentage anomalies with respect to reference data sets. For
daily data, values are averages over Fenno-Scandinavia for both DJF
(solid lines) and JJA (dashed lines) seasons, and the reference data set
is NGCD (Table 1). For hourly data JJA is shown with averages com-

puted over Norway (solid lines), Sweden (dashed lines) and Denmark
(dot-dashed lines) and reference data sets are SeNorge, HIPRAD and
Klimagrid respectively (Table 1). Only wet days (> 1 mm/day) and
wet hours (> 0.1 mm/h) are used in the percentile calculations

highest percentiles, which further emphasize the importance
of high-resolution observations in evaluation of high-resolution CPRCMs (Prein and Gobiet 2017). Larger differences
between models and observations occur on the hourly time
scale (Fig. 10). HCLIM3 has overall larger probabilities than
HCLIM12 and, for Norway and Sweden, is in closer agreement with high-resolution observations. Conversely, over

Denmark, HCLIM12 has smaller differences compared to
Klimagrid observations.
The summer mean diurnal variation of precipitation
is also more correctly represented in HCLIM3 compared
to HCLIM12, both in terms of frequency and intensities
(Fig. 11), although the observed inter-annual spread is large.
The “drizzle” issue in HCLIM12 again stands out clearly,
particularly in the wet-hour frequency. The overestimation

Fig. 11  JJA diurnal cycles of hourly precipitation over Norway (left
column), Sweden (middle column) and Denmark (right column). Top
row shows wet-hour frequencies in percent (%) and bottom row mean

precipitation intensities in mm per hour. Grey shading in bottom panels represent observed ± one standard deviation derived from seasonal
averages, i.e. the inter-annual variability
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is largest during daytime with a distinct and higher peak in
precipitation intensity around noon. In all three countries the
observed peak in precipitation occurs later in the afternoon
and HCLIM3 is able to capture the timing in closer agreement with observations than HCLIM12, most evident in
Norway and Sweden. Walther et al. (2013) investigated the
sensitivity of the representation of diurnal cycle of precipitation to the model grid resolution in summer over Sweden
validating against rain gauges. They found that successively
refining the grid spacing from 50 to 6 km in a model that
parameterizes convection led to an improved timing of the
peak by shifting it toward the end of the afternoon. However, even at 6 km resolution the model showed a too early
peak. In contrast, HCLIM3 is able to capture the precipitation peak. Comparing HCLIM to 103 rain gauges covering
Sweden for the time period 1998–2017 further supports the
results above that HCLIM3 improves the diurnal variation
of precipitation amounts compared to HCLIM12 (Fig. S9).
Differences in performance seen here, especially for the timing of the diurnal peak, are rather typical when comparing
models with parameterized convection and CPRCMs (Prein
et al. 2015) and similar added value has been seen in other
areas in Europe, for example in Central and Western Europe
(Ban et al. 2014; Leutwyler et al. 2017; Berthou et al. 2018;
Fosser et al. 2015; Belušić et al. 2020). However, over Denmark the shape of the diurnal cycle is not as well represented
in HCLIM3 compared to Klimagrid (HCLIM12 have similar
shape as in the other regions). In particular, HCLIM3 exhibits a minimum in precipitation intensity during the morning
hours whereas in Klimagrid the minimum occurs earlier
during the night. Although there are uncertainties regarding
Klimagrid precipitation intensities, particularly high intensities, there is larger reliability in representing the shape
of the mean diurnal cycle correctly. Indeed, the minimum
during night and afternoon maximum is expected (ERA5
also shows a minimum during night for the majority of land
points in the region, including Denmark; not shown). The
reason for the anomalous behavior of HCLIM3 is not clear
at this stage and will be further investigated.
Evaluating simulated snowfall is challenging for several
reasons, the cornerstone being related to the difficulties in
measuring snowfall (e.g. Rasmussen et al. 2012). Rasmussen et al. (2012) have shown that for the same area, snow
observations can largely differ due to the wind influence,
adding difficulties to validate simulated snow accumulation
even with in-situ observation. To overcome this issue, we
use the annual fraction of solid precipitation to validate the
simulated results with station-based observations (Fig. 12).
This variable is calculated by dividing the number of days
with solid precipitation by the total number of wet days. The
observations are provided by the Norwegian Meteorological
Institute (Lussana et al. 2018). Figure 12b is showing a clear
increase of the fraction of solid precipitation with higher
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Fig. 12  Annual mean fraction of solid compared to total precipitation as simulation by HCLIM12 (a) and HCLIM3 (b), while c, d
are showing a regional zoom comparing the simulated results to
station-based observations (black circles). e The fractions of solid
precipitation as a function of elevation for observations (black) over
Norway and the associated nearest grid point from HCLIM12 (blue)
and HCLIM3 (red). The top and right panels are showing the density
plots for the fraction of solid precipitation and elevation, respectively

elevation when compared to Fig. 12a; mostly due to a more
realistic representation of the topography in HCLIM3. There
are, however, also considerable changes over low elevation
areas in Sweden and Finland, indicating that the different
physics and microphysical schemes in the two model versions are also impacting the amount of snowfall. When
zooming in on a smaller area (Fig. 12c, d), one can see how
the topography has an important impact on solid precipitation; the smoother topography of HCLIM12 results in an
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underestimation. The observations overlaid on Fig. 12c, d
(dots) reveal that HCLIM3 overall has a better representation of simulated solid precipitation, as a combined result
of the changed physics schemes and higher spatial resolution. Figure 12e shows the fraction of solid precipitation as
a function of the elevation in HCLIM12, HCLIM3 and the
observations (blue, red and black, respectively). It appears
that while HCLIM3 is still not reproducing the observed
snowfall frequency at the station locations, there is a clear
shift toward a larger snowfall fraction for the higher resolution model, making HCLIM3 more consistent with the
observations. Note though that the approach used to select
grid-point does not take into account the elevation, which
might have resulted in larger differences for some locations
due to the highly complex topography of the region.

4 Summary and conclusions
21-year long simulations covering the years 1997–2018 have
been conducted using the HCLIM cycle 38 regional climate
model: HCLIM12 using ALADIN physics configuration at
12 km grid spacing with hydrostatic dynamics and a convection parameterization scheme; and HCLIM3 using AROME
physics with non-hydrostatic dynamics and convectionpermitting horizontal resolution of 3 km. HCLIM12 was
applied over a domain covering the main part of Europe
(excluding the southernmost regions) while HCLIM3 was
applied over an inner nested domain covering the FennoScandinavian region. The HCLIM3 simulation is, to the best
of the authors’ knowledge, the first long-term simulation at
convection-permitting scales covering Fenno-Scandinavia.
Our motivation is to investigate the benefits from such highresolution climate simulations in this region.
The results are summarized as the following:
• The long-term annual and seasonal means of the climate

variables analyzed here are reasonably well captured over
Fenno-Scandinavia by HCLIM (both on 12- and 3-km
grid resolutions) mostly within reported uncertainties in
observations.
• One important exception is the inadequate representation
of the diurnal variation of the near-surface temperature,
particularly during the summer season when HCLIM
strongly underestimates daily maximum temperatures
over widespread land areas.
• The underestimated daily maximum temperatures entails
a negative bias in the model in shortwave down-welling
radiation (SWd) at the surface, both compared to satellite, reanalysis and station data, spatially correlated with
a positive bias in cloud cover.
• Over Fenno-Scandinavia, HCLIM is able to reproduce
spatial and temporal characteristics of daily mean pre-
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cipitation, although the coarser model (HCLIM12) has
in general wetter conditions in summer with on average
25% more precipitation than E-OBS observations.
• The relative contributions from different daily precipitation rates to the total mean in summer are remarkably well captured by HCLIM3 indicating high skill in
representing the underlying processes. HCLIM12, with
parameterized convection, instead distinctly overestimates low-to-moderate precipitation rates, a major culprit for the wetter conditions.
• On the sub-daily time scales there is more clear evidence
of added value for precipitation in HCLIM3, especially
in summer. In addition to improved representation of the
contribution of different intensities to the total mean,
including extremes, HCLIM3 also shows improved timing and amplitude in the diurnal cycle.
• HCLIM3 has improved fractions of solid to total precipitation in high-altitude areas for which the high-resolution
representation of the complex orography in mountain
areas plays an important role.
Observations are inherently associated with uncertainties, and parts of the model biases seen here may be related
to observations, especially in the Scandinavian mountains
where sparse networks and systematic undercatch of precipitation negatively impacts observational products for this
region. Compared to daily time scales the uncertainties in
observations are larger on the hourly time scale, primarily
due to reduced number of available stations and observed
time periods. Results here emphasize the importance of
high-resolution observations in evaluation of high-resolution models. There are indications that the strong summer
temperature bias in HCLIM are related to surface processes,
for example too strong latent heat fluxes relative to sensible heat fluxes (compared to ERA5) which could impact
cloud fractions positively and SWd negatively. Also, further
investigation of the role of micro-physics and CCN values
for the precipitation biases over Scandinavian mountains in
winter would help gain further insight into the model biases
and deficiencies, as well as more effort to include additional
high-quality observations. This is prospect for future studies.
The results presented here are generally consistent with
other studies applying CPRCMs. We conclude that there is
a clear benefit of using HCLIM38 at the convection-permitting scale over northern Europe, in the summer as well as
in the winter season. This demonstration of added-value of
high-resolution modeling clearly indicates that such highresolution models should be taken into consideration in studies of future climate change in mountain areas and, consequently, in design and implementation of climate services
for such regions.

13

1910
Acknowledgements This study has been undertaken as part of the
NorCP project which is a Nordic collaboration involving climate modeling groups from the Danish Meteorological Institute (DMI), Finnish
Meteorological Institute (FMI), Norwegian meteorological institute
(MET Norway) and the Swedish Meteorological and Hydrological
Institute (SMHI). The authors acknowledge the use of computing and
archive facilities at ECMWF and at the National Supercomputer Centre
in Sweden (NSC) which is funded by the Swedish Research Council via
Swedish National Infrastructure for Computing (SNIC).
Funding Financial support has been provided by: Horizon 2020
EUCP EUropean Climate Prediction system under Grant agreement
no. 776613. The research project BioDiv-Support funded though the
2017–2018 Belmont Forum and BiodivERsA joint call for research
proposals, under the BiodivScen ERA-Net COFUND programme, and
with the funding organisations AKA, ANR (ANR-18-EBI4-0007),
BMBF (KFZ: 01LC1810A), FORMAS (2018-02434, 2018-02436,
2018-02437, 2018-02438) and MICINN (through APCIN: PCI2018093149). The Maj and Tor Nessling foundation.
Data availability The authors assure that all data and materials as well
as software application or custom code support the published claims
and comply with field standards. All data and material is available
upon request.
Code availability The ALADIN and HIRLAM consortia cooperate
on the development of a shared system of model codes. The HCLIM
model configuration forms part of this shared ALADIN-HIRLAM system. According to the ALADIN-HIRLAM collaboration agreement,
all members of the ALADIN and HIRLAM consortia are allowed to
license the shared ALADIN-HIRLAM codes within their home country for non-commercial research. Access to the HCLIM codes can be
obtained by contacting one of the member institutes of the HIRLAM
consortium (see links at: https://www.hirlam.org/index.php/hirla
m-progra mme-53). The access will be subject to signing a standardized
ALADIN-HIRLAM license agreement (https://www.hirlam.org/index
.php/hirlam-programme-53/access-to-the-models). Some parts of the
ALADIN-HIRLAM codes can be obtained by non-members through
specific licenses, such as in OpenIFS (https://confluence.ecmwf.int/
display/OIFS) and Open-SURFEX (https://www.umr-cnrm.fr/surfex).

Compliance with ethical standards
Conflict of interest The authors declare that they have no competing
interest.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

13

P. Lind et al.

References
Adam JC, Lettenmeier DP (2003) Adjustment of global gridded precipitation for systematic bias. J Geophys Res 108:4257. https://
doi.org/10.1029/2002JD002499
Arakawa A (2004) The cumulus parameterization problem:
past, present, and future. J Clim 17:2493–2525. https://doi.
org/10.1175/1520-0442(2004)017<2493:RATCPP>2.0.CO;2
Azad R, Sorteberg A (2017) Extreme daily precipitation in coastal
western Norway and the link to atmospheric rivers. J Geophys Res
Atmos 122:2080–2095. https://doi.org/10.1002/2016JD025615
Ban N, Schmidli J, Schär C (2014) Evaluation of the convectionresolving regional climate modeling approach in decade-long
simulations. J Geophys Res Atmos 119:7889–7907. https://doi.
org/10.1002/2014JD021478
Belušić D, de Vries H, Dobler A, Landgren O, Lind P, Lindstedt D,
Pedersen RA, Sánchez-Perrino JC et al (2020) HCLIM38: a flexible regional climate model applicable for different climate zones
from coarse to convection-permitting scales. Geosci Model Dev
13:1311–1333. https://doi.org/10.5194/gmd-13-1311-2020
Benestad RE (2011) A new global set of downscaled temperature
scenarios. J Clim 24:2080–2098. https://doi.org/10.1175/2010J
CLI3687.1
Bengtsson L (2010) The global atmospheric water cycle. Environ Res
Lett 5:025002. https://doi.org/10.1088/1748-9326/5/2/025002
Bengtsson L, Andrae U, Aspelien T, Batrak Y et al (2017) The HARMONIE–AROME model configuration in the ALADIN–HIRLAM NWP system. Mon Weather Rev 145:1919–1935. https://
doi.org/10.1175/MWR-D-16-0417.1
Berg P, Norin L, Olsson J (2016) Creation of a high resolution precipitation data set by merging gridded gauge data and radar observations for Sweden. J Hydrol 541(A):6–13. https: //doi.org/10.1016/j.
jhydrol.2015.11.031
Berthou S, Kendon EJ, Chan SC, Ban N, Leutwyler D, Schär C, Fosser
G (2018) Pan-European climate at convection-permitting scale: a
model intercomparison study. Clim Dyn. https://doi.org/10.1007/
s00382-018-4114-6
Brisson E, Van Weverberg K, Demuzere M, Devis A, Saeed S, Stengel
M, van Lipzig NPM (2016) How well can a convection-permitting
climate model reproduce decadal statistics of precipitation, temperature and cloud characteristics? Clim Dyn 47:3043–3061. https
://doi.org/10.1007/s00382-016-3012-z
Brockhaus P, Lüthi D, Schär C (2008) Aspects of the diurnal cycle in
a regional climate model. Meteorol Z 17:433–443. https://doi.
org/10.1127/0941-2948/2008/0316
Bryan GH, Wyngaard JC, Fritsch JM (2003) Resolution requirements for the simulation of deep moist convection. Mon
Weather Rev 131(10):2394–2416. https://doi.org/10.1175/15200493(2003)131%3C2394:RRFTSO%3E2.0.CO;2
Böhme T, Stapelberg S, Akkermans T, Crewell S, Fischer J, Reinhardt T et al (2011) Long-term evaluation of COSMO forecasting
using combined observational data of the GOP period. Meteorol
Z 20(2):119–132. https://doi.org/10.1127/0941-2948/2011/0225
Christensen JH, Christensen OB (2007) A summary of the PRUDENCE model projections of changes in European climate
by the end of this century. Clim Change 81:7–30. https://doi.
org/10.1007/s10584-006-9210-7
Collins M et al (2013) Long-term climate change: projections, commitments and irreversibility. In: Stocker TF, et al. (eds) Climate
change 2013: the physical science basis. IPCC, Cambridge University Press, Cambridge, pp 1029–1136
Cornes R, van der Schrier G, van den Besselaar EJM, Jones PD (2018)
An ensemble version of the E-OBS temperature and precipitation datasets. J Geophys Res Atmos. https: //doi.org/10.1029/2017J
D028200

Benefits and added value of convection‑permitting climate modeling over Fenno‑Scandinavia	
Crespi A, Lussana C, Brunetti M, Dobler A, Maugeri M, Tveito OE
(2019) High-resolution monthly precipitation climatologies over
Norway (1981–2010): joining numerical model data sets and
in situ observations. Int J Climatol 39:2057–2070. https://doi.
org/10.1002/joc.5933
Dai A (2006) Precipitation characteristics in eighteen coupled climate
models. J Clim 19:4605–4630. https: //doi.org/10.1175/JCLI38 84.1
Dai A, Trenberth KE (2004) The diurnal cycle and its depiction in the
community climate system model. J Clim 17:930–951. https://
doi.org/10.1175/1520-0442(2004)017,0930:TDCAID.2.0.CO;2
Dee DP et al (2011) The ERA-interim reanalysis: configuration and
performance of the data assimilation system. Q J R Meteorol Soc
137:553–597. https://doi.org/10.1002/qj.828
Fosser G, Khodayar S, Berg P (2015) Benefit of convection permitting climate model simulations in the representation of convective
precipitation. Clim Dyn 44:45–60. https://doi.org/10.1007/s0038
2-014-2242-1
Gao Y, Leung LR, Zhao C, Hagos S (2017) Sensitivity of U.S. summer precipitation to model resolution and convective parameterizations across gray zone resolutions. J Geophys Res Atmos
122:2714–2733. https://doi.org/10.1002/2016JD025896
Heikkilä U, Sandvik A, Sorteberg A (2011) Dynamical downscaling
of ERA-40 in complex terrain using the WRF regional climate
model. Clim Dyn 37:1551–1564. https://doi.org/10.1007/s0038
2-010-0928-6
Hellström C (2005) Atmospheric conditions during extreme and nonextreme precipitation events in Sweden. Int J Climatol 25:631–
648. https://doi.org/10.1002/joc.1119
Hentgen L, Ban N, Kröner N, Leutwyler D, Schär C (2019) Clouds in
convection-resolving climate simulations over Europe. J Geo Res
Atmos 124(7):3849–3870
Herrera S, Kotlarski S, Soares PMM et al (2019) Uncertainty in gridded precipitation products: Influence of station density, interpolation method and grid resolution. Int J Climatol 39:3717–3729.
https://doi.org/10.1002/joc.5878
Hersbach H, de Rosnay HP, Bell B, Schepers D, Simmons A et al
(2018) Operational global reanalysis: progress, future directions
and synergies with NWP. ECMWF ERA Rep Ser 27:20
Hughes M, Lundquist JD, Henn B (2017) Dynamical downscaling
improves upon gridded precipitation products in the Sierra Nevada,
California. Clim Dyn. https://doi.org/10.1007/s00382-017-3631-z
Irannezhad M, Chen D, Kløve B, Moradkhani H (2017) Analysing the
variability and trends of precipitation extremes in Finland and
their connection to atmospheric circulation patterns. Int J Climatol
37(S1):1053–1066. https://doi.org/10.1002/joc.5059
Isemer H-J, Russak V, Tuomenvirta H (2015) Annex A.1.2. In: BACC
II Author Team (eds) Second assessment of climate change for
the Baltic Sea basin, Regional Climate Studies. Springer, Cham
Isotta FA, Vogel R, Frei C (2015) Evaluation of European regional reanalyses and downscalings for precipitation in the Alpine region.
Meteorol Z 24(1):15–37. https: //doi.org/10.1127/metz/2014/0584
Jacob D, Petersen J, Eggert B et al (2014) EURO-CORDEX: new
high-resolution climate change projections for European impact
research. Reg Environ Change 14:563. https://doi.org/10.1007/
s10113-013-0499-2
Jury MW, Herrera S, Gutiérrez JM, Barriopedro D (2019) Blocking representation in the ERA-Interim driven EURO-CORDEX
RCMs. Clim Dyn 52:3291–3306. https://doi.org/10.1007/s0038
2-018-4335-8
Karlsson K-G, Anttila K, Trentmann J, Stengel M, Fokke Meirink J,
Devasthale A, Hanschmann T, Kothe S, Jääskeläinen E, Sedlar J,
Benas N, van Zadelhoff G-J, Schlundt C, Stein D, Finkensieper S,
Håkansson N, Hollmann R (2017) CLARA-A2: the second edition
of the CM SAF cloud and radiation data record from 34 years of
global AVHRR data. Atmos Chem Phys 17:5809–5828. https://
doi.org/10.5194/acp-17-5809-2017

1911

Kawase H, Yamazaki A, Iida H, Aoki K, Sasaki H, Murata A, Nosaka
M (2018) Simulation of extremely small amounts of snow
observed at high elevations over the Japanese Northern Alps in
the 2015/16 winter. SOLA 14:39–45. https://doi.org/10.2151/
sola.2018-007
Kendon EJ, Roberts NM, Fowler HJ, Roberts MJ, Chan SC, Senior CA
(2014) Heavier summer downpours with climate change revealed
by weather forecast resolution model. Nat Clim Change 4:570–
576. https://doi.org/10.1038/nclimate2258
Kendon EJ, Ban N, Roberts NM, Fowler HJ, Roberts MJ, Chan SC,
Evans JP, Fosser G, Wilkinson JM (2017) Do convection-permitting regional climate models improve projections of future precipitation change? Bull Am Meteorol Soc 98:79–93. https://doi.
org/10.1175/BAMS-D-15-0004.1
Klingaman NP, Martin GM, Moise A (2017) ASoP (v1.0): a set of
methods for analyzing scales of precipitation in general circulation
models. Geosci Model Dev 10:57–83. https://doi.org/10.5194/
gmd-10-57-2017
Kothe S, Dobler A, Beck A, Ahrens B (2011) The radiation budget in
a regional climate model. Clim Dyn 36:1023–1036. https://doi.
org/10.1007/s00382-009-0733-2
Kotlarski S, Szabó P, Herrera S et al (2019) Observational uncertainty
and regional climate model evaluation: a pan-European perspective. Int J Climatol 39:3730–3749. https://doi.org/10.1002/
joc.5249
Ikeda K, Rasmussen R, Liu C, Gochis D et al (2010) Simulation of
seasonal snowfall over Colorado. Atm Res 97(4):462–477. https
://doi.org/10.1016/j.atmosres.2010.04.010
Langhans W, Schmidli J, Fuhrer O, Bieri S, Schär C (2013) Long-term
simulations of thermally driven flows and orographic convection
at convection-parameterizing and cloud-resolving resolutions. J
Appl Meteorol Climatol 52:1490–1510. https://doi.org/10.1175/
JAMC-D-12-0167.1
Larsen MAD, Thejll P, Christensen JH, Refsgaard JC, Jensen KH
(2013) On the role of domain size and resolution in the simulations with the HIRHAM region climate model. Clim Dyn
40:2903–2918. https://doi.org/10.1007/s00382-012-1513-y
Lenderink G, Belušić D, Fowler HJ, Kjellström E, Lind P, van Meijgaard E, van Ulft B, de Vries H (2019) Systematic increases
in the thermodynamic response of hourly precipitation extremes
in an idealized warming experiment with a convection-permitting climate model. Environ Res Lett 14:L074012. https://doi.
org/10.1088/1748-9326/ab214a
Leutwyler D, Lüthi D, Ban N, Fuhrer O, Schär C (2017) Evaluation
of the convection-resolving climate modeling approach on continental scales. J Geophys Res Atmos 122:5237–5258. https://doi.
org/10.1002/2016JD026013
Li Y, Zhao M, Motesharrei S, Mu Q, Kalnay E, Li S (2015) Local
cooling and warming effects of forests based on satellite observations. Nat Commun 6:6603. https: //doi.org/10.1038/ncomms 7603
Liang X-Z (2004) Regional climate model simulation of summer precipitation diurnal cycle over the United States. Geophys Res Lett
31:L24208. https://doi.org/10.1029/2004GL021054
Lind P, Lindstedt D, Kjellström E, Jones C (2016) Spatial and temporal
characteristics of summer precipitation over central Europe in a
suite of high-resolution climate models. J Clim 29:3501–3518.
https://doi.org/10.1175/JCLI-D-15-0463.1
Lindstedt D, Lind P, Kjellström E, Jones C (2015) A new regional
climate model operating at the meso-gamma scale: performance
over Europe. Tellus A Dyn Meteorol Oceanogr 67:1. https://doi.
org/10.3402/tellusa.v67.24138
Liu C, Ikeda K, Thompson G, Rasmussen R, Dudhia J (2011) Highresolution simulations of wintertime precipitation in the Colorado
headwaters region: sensitivity to physics parameterizations. Mon
Weather Rev 139:3533–3553. https://doi.org/10.1175/MWR-D11-00009.1

13

1912
Lundquist J, Hughes M, Gutmann E, Kapnick S (2019) Our skill in
modeling mountain rain and snow is bypassing the skill of our
observational networks. Bull Am Meteorol Soc 100:2473–2490.
https://doi.org/10.1175/BAMS-D-19-0001.1
Lussana C, Saloranta T, Skaugen T, Magnusson J, Tveito OE, Andersen
J (2018) seNorge2 daily precipitation, an observational gridded
dataset over Norway from 1957 to the present day. Earth Syst
Sci Data 10:235–249. https://doi.org/10.5194/essd-10-235-2018
Lussana C, Tveito OE, Dobler A, Tunheim K (2019) seNorge_2018,
daily precipitation, and temperature datasets over Norway.
Earth Syst Sci Data 11:1531–1551. https://doi.org/10.5194/
essd-11-1531-2019
Mazon J, Niemelä S, Pino D, Savijärvi H, Vihma T (2015) Snow bands
over the Gulf of Finland in wintertime. Tellus A Dyn Meteorol
Oceanogr 67:1. https://doi.org/10.3402/tellusa.v67.25102
Molinari J, Dudek M (1992) Parameterization of convective precipitation in mesoscale numerical models: a critical review.
Mon Weather Rev 120:326–344. https://doi.org/10.1175/15200493(1992)120,0326:POCPIM.2.0.CO;2
Murata A, Sasaki H, Kawase H et al (2017) Evaluation of precipitation
over an oceanic region of Japan in convection-permitting regional
climate model simulations. Clim Dyn 48:1779–1792. https://doi.
org/10.1007/s00382-016-3172-x
Newman AJ, Clark MP, Craig J et al (2015) Gridded ensemble precipitation and temperature estimates for the contiguous United States.
J Hydrometeorol 16(6):2481–2500
Nikulin G, Kjellström E, Hansson U, Strandberg G, Ullerstig A (2011)
Evaluation and future projections of temperature, precipitation
and wind extremes over Europe in an ensemble of regional climate
simulations. Tellus A Dyn Meteorol Oceanogr 63(1):41–55. https
://doi.org/10.1111/j.1600-0870.2010.00466.x
Pontoppidan M, Reuder J, Mayer S, Kolstad EW (2017) Downscaling
an intense precipitation event in complex terrain: the importance
of high grid resolution. Tellus A Dyn Meteorol Oceanogr 69:1.
https://doi.org/10.1080/16000870.2016.1271561
Prein AF, Gobiet A (2017) Impacts of uncertainties in European gridded precipitation observations on regional climate analysis. Int J
Climatol 37:305–327. https://doi.org/10.1002/joc.4706
Prein AF, Gobiet A, Suklitsch M, Truhetz H, Awan NK, Keuler K,
Georgievski G (2013a) Added value of convection permitting
seasonal simulations. Clim Dyn 41(9–10):2655–2677. https://
doi.org/10.1007/s00382-013-1744-6
Prein AF, Holland GJ, Rasmussen RM, Done J, Ikeda K, Clark MP,
Liu CH (2013b) Importance of regional climate model grid spacing for the simulation of heavy precipitation in the Colorado
headwaters. J Clim 26:4848–4857. https://doi.org/10.1175/JCLID-12-00727.1
Prein AF, Langhans W, Fosser G, Ferrone A, Ban N, Goergen K, Keller M, Tölle M, Gutjahr O, Feser F et al (2015) A review on
regional convection-permitting climate modeling: demonstrations,
prospects, and challenges. Rev Geophys 53:323–361. https://doi.
org/10.1002/2014RG000475
Prein AF, Liu C, Ikeda K et al (2017) Simulating North American mesoscale convective systems with a convection-permitting climate
model. Clim Dyn. https://doi.org/10.1007/s00382-017-3993-2
Rasmussen R, Liu C, Ikeda K, Gochis D, Yates D, Chen F, Tewari M,
Barlage M, Dudhia J, Yu W, Miller K, Arsenault K, Grubišić V,
Thompson G, Gutmann E (2011) High-resolution coupled climate
runoff simulations of seasonal snowfall over Colorado: a process
study of current and warmer climate. J Clim 24:3015–3048. https
://doi.org/10.1175/2010JCLI3985.1
Rasmussen R, Baker B, Kochendorfer J, Myers T, Landolt S, Fischer
A, Black J, Thériault J, Kucera P, Gochis D, Smith C, Nitu R, Hall
M, Cristanelli S, Gutmann A (2012) How well are we measuring
snow: the NOAA/FAA/NCAR winter precipitation test bed. Bull
Am Meteorol Soc. https://doi.org/10.1175/BAMS-D-11-00052.1

13

P. Lind et al.
Rubel F, Hantel M (2001) BALTEX 1/6-degree daily precipitation climatology 1996–1998. Meteorol Atmos Phys 77:155–166. https://
doi.org/10.1007/s007030170024
Samuelsson P, Jones CG, Willén U, Ullerstig A, Gollvik S, Hansson
U, Jansson C, Kjellström E, Nikulin G, Wyser K (2011) The
Rossby Centre Regional Climate model RCA3: model description and performance. Tellus A 63:4–23. https://doi.org/10.111
1/j.1600-0870.2010.00478.x
Seity Y, Brousseau P, Malardel S, Hello G, Bénard P, Bouttier F,
Lac C, Masson V (2011) The AROME-France convective-scale
operational model. Mon Weather Rev 139(3):976–991. https: //doi.
org/10.1175/2010MWR3425.1
Stephens GL, L’Ecuyer T, Forbes R, Gettelmen A, Golaz J-C, BodasSalcedo A, Suzuki K, Gabriel P, Haynes J (2010) Dreary state of
precipitation in global models. J Geophys Res 115:D24211. https
://doi.org/10.1029/2010JD014532
Termonia P, Fischer C, Bazile E, Bouyssel F et al (2018) The ALADIN
system and its canonical model configurations AROME CY41T1
and ALARO CY40T1. Geosci Model Dev 11:257–281. https://
doi.org/10.5194/gmd-11-257-2018
Vautard R, Gobiet A, Sobolowski S, Kjellström E, Stegehuis A,
Watkiss P, Mendlik T, Landgren O, Nikulin G, Teichmann C,
Jacob D (2014) The European climate under a 2°C global warming. Environ Res Lett 9:034006. https://doi.org/10.1088/17489326/9/3/034006
Van Pham T, Brauch J, Früh B, Ahrens B (2016) Simulation of snowbands in the Baltic Sea area with the coupled atmosphere-oceanice model COSMO-CLM/NEMO. Meteorol Z 26:71–82. https://
doi.org/10.1127/metz/2016/0775
Vergara-Temprado J, Ban N, Panosetti D, Schlemmer L, Schär C (2020)
Climate models permit convection at much coarser resolutions
than previously considered. J Clim 33:1915–1933. https://doi.
org/10.1175/JCLI-D-19-0286.1
Von Storch H, Omstedt A, Pawlak J, Reckermann M (2015) Introduction and summary. In: BACC II Author Team (eds) Second
assessment of climate change for the Baltic Sea basin, Regional
Climate Studies. Springer, Cham. https://doi.org/10.1007/978-3319-16006-1_1
Walther A, Jeong J-H, Nikulin G, Jones C, Chen D (2013) Evaluation of the warm season diurnal cycle of precipitation over
Sweden simulated by the Rossby centre regional climate model
RCA3. Atmos Res 119:131–139. https://doi.org/10.1016/j.atmos
res.2011.10.012
Wang PR, Scharling M (2010) DMI-Technical Report, 10–13, 2010
Klimagrid Danmark: Dokumentation og validering af Klimagrid
Danmark i 1x1km opløsning. https://www.dmi.dk/fileadmin/
Rapporter/TR/tr10-13.pdf
Westra S, Fowler HJ, Evans JP, Alexander LV, Berg P, Johnson F,
Kendon EJ, Lenderink G, Roberts NM (2014) Future changes to
the intensity and frequency of short-duration extreme rainfall. Rev
Geophys 52:522–555. https://doi.org/10.1002/2014RG000464
Wolff MA, Isaksen K, Petersen-Øverleir A, Ødemark K, Reitan T, Brækkan R (2015) Derivation of a new continuous adjustment function
for correcting wind-induced loss of solid precipitation: results of a
Norwegian field study. Hydrol Earth Syst Sci 19:951–967
Xu Y (2019) Estimates of changes in surface wind and temperature
extremes in southwestern Norway using dynamical downscaling
method under future climate. Weather Clim Extremes. https: //doi.
org/10.1016/j.wace.2019.100234
Yang D, Kane D, Zhongping Z, Legates D, Goodison B (2005) Bias
corrections of long-term (1973–2004) daily precipitation data over
the northern regions. Geophys Res Lett 32:L19501. https://doi.
org/10.1029/2005GL024057
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

© 2022 Natural Hazards and Earth System Sciences ,
Reprinted with permission from Natural Hazards and Earth System Sciences 2022
under the Creative Commons Attribution 4.0 License.
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Abstract. It is well established that using kilometer scale
grid resolution for simulations of weather systems in weather
and climate models enhances their realism. This study
explores heavy- and extreme-precipitation characteristics
over the Nordic region generated by the regional climate
model HARMONIE-Climate (HCLIM). Two model setups
of HCLIM are used: ERA-Interim-driven HCLIM12 spanning over Europe at 12 km grid spacing with a convection parameterization scheme and HCLIM3 spanning over
the Nordic region with 3 km grid spacing and explicitly resolved deep convection. The HCLIM simulations are evaluated against a unique and comprehensive set of gridded and
in situ observation datasets for the warm season from April
to September regarding their ability to reproduce sub-daily
and daily heavy-precipitation statistics across the Nordic region. Both model setups are able to capture the daily heavyprecipitation characteristics in the analyzed region. At the
sub-daily scale, HCLIM3 clearly improves the statistics of
occurrence of the most intense heavy-precipitation events
and the amplitude and timing of the diurnal cycle of these
events compared to its forcing of HCLIM12. Extreme value
analysis shows that HCLIM3 provides added value in capturing sub-daily return levels compared to HCLIM12, which
fails to produce the most extreme events. The results indicate

clear benefits of the convection-permitting model in simulating heavy and extreme precipitation in the present-day climate, therefore, offering a motivating way forward to investigate the climate change impacts in the region.

1

Introduction

Precipitation extremes represent a major environmental and
socioeconomic hazard worldwide, and the Nordic region is
no exception. Notably, locally concentrated intense precipitation can cause flooding in rivers or urban settings, landslides,
erosion events, and damages to infrastructure. The three main
weather situations producing heavy precipitation within the
Nordic region consist of the strong vertical lifting of moist air
masses in connection with fronts, within convective cells, or
enhanced by orography (Førland et al., 1998). For instance,
an organized convective system occurred on 31 August 2014
in the Malmö basin in southern Sweden, generating very intense rainfall and leading to severe flooding (Olsson et al.,
2017). The accumulated rainfall reached ∼ 150 mm within
6 h. Although such extreme events are rare, previous studies
have shown that precipitation extremes have become more
frequent globally and in Europe over recent decades (van
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den Besselaar et al., 2013; Westra et al., 2013; Fowler et al.,
2021). There is also evidence that the past trends in annual
maximum daily precipitation are predominantly positive over
the Nordic–Baltic region (Du et al., 2019; Dyrrdal et al.,
2021).
Regional climate models (RCMs) project a future intensification of rainfall both on sub-daily (e.g., Lenderink and
van Meijgaard, 2010; Kendon et al., 2014; Westra et al.,
2014; Ban et al., 2015) and daily scales (e.g., Christensen
and Christensen, 2003; Frei et al., 2006; Boberg et al., 2010;
Ban et al., 2015) over mid to high latitudes of the Northern Hemisphere (Lucas-Picher et al., 2021, and references
therein). However, similar to global climate models (GCMs),
RCMs usually include sub-grid scale parameterization of
convective processes including deep convection. One limitation from having to parameterize convection is the inaccuracy of the models to correctly represent, for instance,
hourly intensities of extreme precipitation (Hanel and Buishand, 2010; Gregersen et al., 2013; Berg et al., 2019) and
the diurnal cycle of rainfall intensity (Trenberth et al., 2003;
Brockhaus et al., 2008; Prein et al., 2015; Beranová et al.,
2018; Pichelli et al., 2021). The skill of RCMs to adequately
represent short-duration precipitation extremes in the present
and future climate is therefore of concern.
Due to increased computer capacity, running convectionpermitting regional climate models (CPRCMs) with explicit
deep convection and a high grid resolution (typically < 4 km)
has recently become affordable on a climatic scale (see, e.g.,
Coppola et al., 2020; Lucas-Picher et al., 2021; Pichelli et al.,
2021). Since short-duration extreme events are often associated with smaller-scale spatial structures, there is a strong
indication that these events are better represented using an increased model resolution. For instance, Fosser et al. (2015),
Lind et al. (2016), Kendon et al. (2017), Leutwyler et al.
(2017), Berthou et al. (2020), Fumière et al. (2020), Ban
et al. (2021), and Caillaud et al. (2021) have found an added
value of models with explicit deep convection compared
to their coarser RCM counterparts with parameterized convection, especially in the ability of the CPRCMs to represent sub-daily rainfall characteristics over Europe. CPRCMs
have been found to improve the diurnal cycle, frequency,
and intensity of precipitation also over China, Africa, and
the United States (Lucas-Picher et al., 2021, and references
therein).
In this study, the main goal is to evaluate the performance
of a regional climate model, cycle 38 of HARMONIEClimate (HCLIM38 hereafter) (Belušić et al., 2020), with
hourly output frequency in its ability to reproduce subdaily and daily observed heavy- and extreme-precipitation
statistics across the Nordic region for the summer half year
(April to September). We focus on the statistics of intensities and frequencies of heavy-precipitation events as well as
on the ability of HCLIM38 to reproduce return levels that
are commonly used to investigate short-duration extremes
from an urban-planning perspective. We utilize a 21-yearNat. Hazards Earth Syst. Sci., 22, 693–711, 2022

Figure 1. The model domains of HCLIM12 (outer rectangle) and
nested HCLIM3 (inner rectangle). The color scale represents the
altitude in meters. The country borders used in the analysis are
marked with magenta. The analyzed sub-domain is marked with a
dashed outline.

long simulation from a convection-permitting model setup
with HCLIM38 at a grid resolution of 3 km spanning over
the Nordic region. Lateral boundary data were provided by
an intermediate model setup at 12 km grid resolution driven
by reanalysis data.
With a domain covering the Nordic region (see Fig. 1), the
high grid resolution combined with the 21-year-long simulation period allows for a robust assessment of the added value
in simulating precipitation extremes over the Nordic countries. The simulations have been evaluated and presented
in previous studies by Lind et al. (2020) and Olsson et al.
(2021a). However, Lind et al. (2020) focused mainly on general model evaluation, while Olsson et al. (2021a) evaluated
heavy- and extreme-precipitation events only over the southern part of Sweden. Both studies found an added value of
the convection-permitting HCLIM38 model setup in simulating the intensities and frequencies of mean- and heavyprecipitation events at sub-daily timescales. Previously, Lind
et al. (2016) showed an added value of the high-resolution
HCLIM model with the previous cycle 37 in representing precipitation extremes over the Alps. The current study
deepens the understanding of the benefits of convectionpermitting climate modeling over northern Europe by extending the analysis by Olsson et al. (2021a) over the whole
model domain and by studying extreme-precipitation events
with generalized extreme value (GEV) theory.
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Table 1. A summary of the observational datasets that were used in the model evaluation. The time period refers to the period used in this
study. AM refers to the dataset of annual maximum precipitation.
Data

Resolution (grid, time)

Time period

Domain

Reference

AM
E-OBS
ERA5
HIPRAD
Klimagrid
NGCD
seNorge

In situ, hourly and daily
0.1◦ , daily
∼ 31 km, hourly
2 km, hourly
1 km, hourly
1 km, daily
1 km, hourly

1998–2018
1998–2018
1998–2018
2005–2014
2011–2018
1998–2018
2010–2018

Nordic and Baltic countries
Europe
Global
Sweden
Denmark
Finland, Norway, and Sweden
Norway

Dyrrdal et al. (2021)
Cornes et al. (2020)
Hersbach et al. (2020)
Berg et al. (2016)
Wang and Scharling (2010)
Tveito and Lussana (2018)
Lussana et al. (2018a)

2 Model and observations
2.1

Model and experiment setup

This study utilized the HCLIM38 regional climate model
that is based on the ALADIN–HIRLAM (Aire Limitée
Adaptation Dynamique Développement International–High
Resolution Local Area Modelling) numerical weather prediction (NWP) system (Lindstedt et al., 2015; Bengtsson
et al., 2017; Termonia et al., 2018). The model is presented only briefly here because it is thoroughly described
in Belušić et al. (2020). The HCLIM38 modeling system
contains different model configurations that are each suitable for different spatial scales. We employed two model
setups, HCLIM38–AROME (Applications of Research to
Operations at Mesoscale) at 3 km horizontal grid resolution
and HCLIM38–ALADIN at 12 km horizontal grid resolution. HCLIM38–AROME is used with non-hydrostatic dynamics, as it is designed for convection-permitting resolutions (< 4 km) (Seity et al., 2011; Bengtsson et al., 2017).
The recommended option in HCLIM38 for grid resolutions over 10 km is HCLIM38–ALADIN that is used with
hydrostatic dynamics (Termonia et al., 2018). HCLIM38–
ALADIN originates from the limited-area version of the
global model ARPEGE (Action de Recherche Petite Échelle,
Grande Échelle). From now on, HCLIM38–AROME at 3 km
and HCLIM38–ALADIN at 12 km will be referred to as
HCLIM3 and HCLIM12, respectively.
The experiment was performed using double nesting. The
HCLIM12 run spans over a major part of Europe and the
eastern North Atlantic with 313 × 349 horizontal grid points
(Fig. 1), 65 vertical levels, and a time step of 300 s. The
global ERA-Interim reanalysis with a grid resolution of
∼ 80 km (Dee et al., 2011) provided the boundary data for
HCLIM12 every 6 h. HCLIM12 provided boundary data every 3 h for HCLIM3 that was run over the Nordic domain
with 637 × 853 horizontal grid points, 65 vertical levels, and
a time step of 75 s. The modeled periods covered 1997–2018,
but the year 1997 was treated as a spin-up year and is thus not
included in the analysis. Lind et al. (2020) provide more details of the experiments.

https://doi.org/10.5194/nhess-22-693-2022

In the analysis, we focus mainly on the HCLIM3 domain.
To account for the boundary effects, we removed approximately 100 km (33 grid points including the relaxation zone
of 8 grid points) from each side of the HCLIM3 boundaries,
which resulted in a domain that was analyzed in more detail
(see the dashed outline in Fig. 1). Also, the HCLIM12 boundaries are adequately far away from the analyzed sub-domain
(more than 500 km) (see, e.g., Denis et al., 2002; Matte et al.,
2017).
2.2

Observations

The simulated daily precipitation was compared with gridded observational datasets, E-OBS and Nordic Gridded Climate Dataset (NGCD), as well as with high-resolution national gridded datasets (see Table 1 for references) that were
also used to analyze the hourly precipitation. In addition, the
hourly precipitation was compared with the ERA5 reanalysis dataset and in situ rain gauge data. We evaluated only land
points, as most of the observational datasets are based on in
situ gauge measurements over land. The used observational
datasets and their references are summarized in Table 1 and
described in more detail below.
The E-OBS dataset is based on the station series from
the European Climate Assessment & Dataset (ECA&D) station network (Copernicus Climate Change Service, 2020).
The dataset spans from 1950 until the present and covers
a pan-European domain with a grid spacing of 0.1◦ × 0.1◦
(∼ 12 km). We utilized version 20.0e that consists of the
ensemble means of 100-member realizations which can be
taken as grid box averages (Cornes et al., 2020).
The NGCD dataset is a high-resolution dataset of gridded
daily precipitation covering Finland, Sweden, and Norway
(Tveito and Lussana, 2018; Copernicus Climate Change Service, 2021). The dataset covers a period from 1971 until the
present and has a grid spacing of 1 km × 1 km. NGCD extends the national dataset of Norway, seNorge, that has been
developed over the last 20 years (e.g., Tveito et al., 2005;
Lussana et al., 2018a, b). The station data from Norway are
extracted from the climate database of the Norwegian Meteorological Institute, while the Finnish and Swedish station
data are extracted from ECA&D. We employed the NGCD
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022
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version 19.03 and type 2 data that utilize the Bayesian interpolation method.
ERA5 is a reanalysis product based on a combination of
data assimilation and numerical models (Hersbach et al.,
2018, 2020). The dataset provides hourly precipitation at a
horizontal grid spacing of approximately 30 km. Because the
dataset was produced with a numerical model, it includes
similar model deficiencies compared to other weather and
climate models. The ERA5 forecast product has two separate initialization times, 06:00 UTC and 18:00 UTC. After
initialization, the forecasts are run for 18 h. To account for
and reduce the effects of model spin-up in precipitation, we
utilized the 7–18 h forecast hours from the 06:00 UTC analysis (representing 13:00–00:00 UTC) and the 7–18 h forecast hours from the 18:00 UTC analysis (representing 01:00–
12:00 UTC). A similar approach was used, e.g., in Crossett
et al. (2020).
We utilized three national high-resolution gridded
datasets, namely seNorge2 (seNorge hereafter), Klimagrid
Danmark (Klimagrid hereafter), and HIPRAD v2 (HighResolution Precipitation from Gauge-Adjusted Weather
Radar; HIPRAD hereafter). The seNorge dataset provides
hourly precipitation starting from 2010 with a grid spacing of
1 km over Norway (Lussana et al., 2018a; Norwegian Meteorological Institute, 2022). The dataset is based on in situ measurements that are interpolated using optimal interpolation
and successive-correction schemes. Also, geographical coordinates and elevation are used as complementary information. The performance of this dataset is comparable to or even
better than E-OBS, because of the higher effective resolution
in seNorge (Lussana et al., 2018a). Despite this, seNorge underestimates precipitation over the mountainous region that
has sparse data coverage. Klimagrid is a gauge-based gridded dataset with a grid spacing of 1 km over Denmark. The
data consist of hourly precipitation for 2011–2019. At each
time, an interpolation to the 1 km grid includes station information in all directions, weighted by distance; distance to the
coastline is treated explicitly in the interpolation (Wang and
Scharling, 2010). HIPRAD (Berg et al., 2016) is a gridded
dataset covering Sweden with hourly resolution and a 2 km
grid spacing. This dataset is based on radar data corrected
by daily scaling factors using a 31 d running window and the
PTHBV (Precipitation and Temperature for the Hydrologiska
Byråns Vattenbalansavdelning hydrological model) gridded
dataset for Sweden (Johansson and Chen, 2003). HIPRAD is
available for 2000–2014, but due to gaps in the data, we utilized only the period of 2005–2014. In addition, grid points
with suspected clutter effects were discarded from the analysis. These points were identified by comparing the distribution of daily intensity values of HIPRAD and its reference
data, PTHBV, and matches based on the Perkins skill score
(Perkins and Pitman, 2009) of the two probability density
functions below 0.8 were rejected. In addition, we investigated the results from 102 in situ gauges over Sweden. How-
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ever, the results were comparable to HIPRAD and are therefore not discussed in this paper.
We also utilized the daily and hourly annual maxima (AM)
dataset that is extracted from in situ observations over the
Nordic region (Dyrrdal, 2020). The daily data are available
for Denmark, Finland, Norway, and Sweden for the years
1998–2018, while hourly maxima are available for Denmark,
Norway, and Sweden covering the same period. Because this
dataset includes only annual maxima, it could be used for
the comparison of modeled return levels. The observations
are extracted for each year utilizing all months, although the
criteria for extraction varied between each country (Dyrrdal
et al., 2021). For instance, the Swedish data were retrieved
only if at maximum 2 d was missing from June to October,
whereas the Norwegian data were extracted using a limit
of 30 missing days per year. The Finnish and Danish data
were extracted without any limits, but the plausibility of
low values was checked. Annual maxima were extracted using all months also from the model and other observational
datasets instead of limiting the analysis to April–September
(see Sect. 3.1). The locations of the in situ stations can be
found in Fig. S1a in the Supplement.
It is important to keep in mind that gridded and in situ observations of precipitation are prone to uncertainties. These
uncertainties originate, for instance, from instrument errors,
post-processing (interpolation methods, quality checks), and
different spatial scales (e.g., comparison of point measurements with modeled areal averages) (Eggert et al., 2015) as
well as a high spatiotemporal climatic variability of precipitation (e.g., Prein and Gobiet, 2017; Kotlarski et al., 2019).
Furthermore, precipitation undercatch can be substantial for
snowfall or windy conditions (e.g., Adam and Lettenmeier,
2003; Rubel and Hantel, 2001). Based on Rubel and Hantel
(2001), the undercatch in the Baltic Sea area might be around
20 %–50 % during winter and 2 %–5 % during summer. Uncertainty is also introduced during the interpolation process
of point measurements onto a regular grid. For instance,
sparse data coverage and complex topography can lead to a
large underestimation of precipitation (e.g., Prein and Gobiet, 2017). Moreover, interpolation can impose a smoothing
effect on the spatial variability and lead to an underestimation of extremes (Hofstra et al., 2010). The national datasets,
excluding Klimagrid, used in this study include mostly fewer
stations compared to their corresponding daily records. They
also cover shorter periods and include therefore more uncertainties compared to the daily products. It is also worth
noting that most of the stations located in the Scandinavian mountains are established below 1000 m above sea level
(m a.s.l.), although the terrain height can reach 2000 m a.s.l.
or more (Lussana et al., 2019). This leads to uncertainties
in precipitation values that are measured over mountainous
areas and mountain ridges.
The NGCD dataset has been shown to underestimate precipitation exceeding 1, 10, and 25 mm d−1 by 5 %, 15 %,
and 25 % on average, respectively, due to spatial smoothhttps://doi.org/10.5194/nhess-22-693-2022
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ing (Tveito and Lussana, 2018). The correction factors for
seNorge precipitation data have been estimated to vary between 0.7–3 depending on the region (Lussana et al., 2018a).
The mean correction factor is 1.25, which means that precipitation is mainly underestimated by 25 %. The estimates
of the effect of spatial smoothing were not available for
Klimagrid, but precipitation from the gauge data in Denmark
is underestimated by 1 %–2 % due to undercatch, which is
lower for higher intensities (Vejen et al., 2021). There are no
uncertainty estimates for HIPRAD v2, but the newest version of HIPRAD (v3) generally overestimates precipitation
compared to gauge data (Olsson et al., 2021b). It needs to
be noted that HIPRAD includes an undercatch correction
that was not applied to the in situ stations. Because the uncertainty estimates vary between the datasets and different
intensities, we do not consider one acceptable uncertainty
range (see, e.g., Ban et al., 2021). Nevertheless, these uncertainties need to be kept in mind when analyzing the results.
To explore the effect of interpolation on the results, we additionally selected only the grid cells that included at least
one weather station for further assessment. This so-called
geographic sampling was performed for the seNorge and
Klimagrid datasets. If a climate model has a horizontal resolution of tens of kilometers or below, there are likely grid
cells where the model output is compared with an interpolated value instead of an actual measurement. This affects
the evaluation of extreme precipitation as noted by Risser and
Wehner (2020). However, Klimagrid is constructed to use exact station values in the grid points if there is not more than
one station. In this case, the values for grid points containing one station are not areal averages but rather comparable
to point measurements. Figure S1b in the Supplement shows
the locations of the stations that were used for geographic
sampling and that were available during the entire period in
question, 2010–2018 for seNorge and 2011–2018 for Klimagrid.
We decided not to use so-called areal reduction factors
(ARFs) for the in situ data. ARFs are generally used to take
into account temporal and spatial differences in the observations and model. In our study, the area of one grid cell is
9 km2 in HCLIM3 and 144 km2 in HCLIM12. The adjustment needed for HCLIM3 can be considered small, whereas
the adjustment could be over 10 % for HCLIM12 (Pavlovic
et al., 2016). However, the literature proposes several different ways to adjust the values, which makes the use of adjustment factors uncertain. Therefore, we prefer not to adjust but
rather assess the model outputs directly and comment in the
text when needed.

3
3.1
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Methods
Evaluation metrics of heavy precipitation

We analyzed daily and hourly heavy-precipitation events
with intensity and time-based metrics. These metrics included the average of precipitation values above the 95th
and 99.9th percentiles of all days or hours (hereafter pXavg )
following Berthou et al. (2020) and frequencies of heavyprecipitation events of more than 10 mm d−1 , 20 mm d−1 ,
or 5 mm h−1 (hereafter R10mm, R20mm, and R5mm, respectively). R10mm and R20mm represent heavy- and very
heavy-precipitation days, respectively, while R5mm represents heavy-precipitation hours. No threshold was used for
the percentile computations as recommended by Schär et al.
(2016). For the hourly scale, we also computed extra metrics
that included the frequency distributions of precipitation intensity with a drizzle threshold of 0.1 mm h−1 as well as the
diurnal cycle of the 99.9th percentile events. The percentiles
were determined separately for each hour of the day. In this
study, the term “heavy precipitation” is considered to represent the highest percentiles, whereas by “extreme precipitation” we mean either annual maximum precipitation or return
levels obtained with extreme value analysis (see Sect. 3.2).
The seasonality of extreme-precipitation events was investigated by sampling the annual maxima of hourly and daily
precipitation events for each year separately for a period from
April to September and computing the monthly occurrences.
A drizzle threshold of 0.1 mm h−1 was applied to the data,
and similarly to Berg et al. (2019), a 24 h dry period was
used between events so that the events can be considered independent.
All metrics were computed for a period from 1 April to
30 September over the overlapping years between the model
and observations. The results were computed for each grid
cell separately, and boxplots were used to show the spatial
variability of the results. The results are shown mainly in the
native grid. Remapping was performed prior to the analysis
to the coarsest grid with a first-order conservative remapping
method. However, remapped results did not change the conclusions and are therefore not discussed in more detail. If not
stated otherwise, the differences between the HCLIM model
(mod) and observations (obs) for a metric (M) were computed as relative biases (%):
Relative bias =
3.2

Mmod − Mobs
· 100 %.
Mobs

(1)

Extreme value analysis

To gain insight into the extreme-precipitation events, we used
extreme value analysis (Coles, 2001) at hourly and daily
timescales. The analyzed period was 21 years (1998–2018),
which was assumed to be stationary. We tested this assumption using the Kwiatkowski–Phillips–Schmidt–Shin (KPSS)
test (Kwiatkowski et al., 1992). Based on this test, more than
https://doi.org/10.5194/nhess-22-693-2022
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90 % of the in situ stations and grid cells in the HCLIM
model and gridded observations indicated stationary annual
maximum values. The only exception was hourly Norwegian
in situ data, of which 80 % were stationary.
The generalized extreme value (GEV) distribution was fitted to the annual maximum precipitation data to estimate return values. The cumulative distribution function of the GEV
for a random variable (x) can be written as
n 
(
−1/ξ o
exp − 1 + ξ x−µ
ξ 6= 0
σ
(2)
F (x) =



ξ
=
0.
exp −exp − x−µ
σ
This function is defined by three parameters (location µ,
scale σ , and shape ξ ) which were estimated with a modified
maximum-likelihood method that utilizes a Bayesian prior
distribution for the shape parameter (Martins and Stedinger,
2000; Frei et al., 2006). Several other studies have utilized
this method (Frei et al., 2006; Rajczak et al., 2013; Rajczak
and Schär, 2017; Ban et al., 2020) because it prevents the
estimation of unrealistic shape parameters in case the sample size is small (Martins and Stedinger, 2000). Also, the Lmoments method was tested for parameter estimation, but it
yielded very similar results compared to the modified maximum likelihood. When the parameters are known, return values for different return periods can be estimated from the
quantile function:
(
µ + σξ {[− ln(x)]−ξ − 1} ξ 6 = 0
−1
F (x) =
(3)
µ − σ ln{− ln(x)} ξ = 0.
We computed return values for hourly (x1h) and daily
(x1d) accumulated precipitation for return periods of T years
(5, 10, and 20 years). We use abbreviations x1h.T and x1d.T
to define the return values of 1 h and 1 d precipitation, respectively, for a return period of T . The goodness of fit was
checked with the Kolmogorov–Smirnov (KS) test that compares the empirical distribution function with a specified distribution function, in this case, the GEV distribution. Based
on the KS test, the GEV fit was adequately captured for more
than 99.9 % of the grid cells or stations in the models and observations both at daily and hourly scales.
4
4.1

Results and discussion
Evaluation of heavy daily precipitation

Both HCLIM12 and HCLIM3 underestimate p99.9avg by
10 %–30 % over areas where p99.9avg values are the highest in E-OBS (coastal Norway, south and north of Sweden,
the central part of Finland, and Germany), while this metric
is overestimated by 10 %–40 % over other parts of Finland,
Sweden, and Norway (Fig. 2). Overall, the average relative
bias over the domain is positive: 23 % for HCLIM12 and
even greater in HCLIM3 with 44 %. The results are in line
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022

with previous studies in which HCLIM38 has been shown to
overestimate mean daily precipitation at 12 km resolution by
25 %–28 % during the summer period over the Nordic region
(Toivonen et al., 2019; Lind et al., 2020). In addition, Lind
et al. (2020) showed that HCLIM3 improved the representation of the mean daily precipitation in the area. However,
the differences compared to E-OBS in daily heavy precipitation seem to be larger in HCLIM3 than in HCLIM12 in the
current study.
It is worthwhile to note that the high-resolution gridded
observation set, NGCD, gives around 18 % higher p99.9avg
values compared to E-OBS. Therefore, some part of the overestimation in HCLIM3 (25 % for p99.9avg over the NGCD
domain) can be due to E-OBS failing to capture the most
intense precipitation events. Furthermore, overestimation of
more than 50 % in HCLIM12 and HCLIM3 can mostly be
found in Denmark, the Baltic countries, and the eastern part
of the analyzed domain. These areas have delivered less
dense in situ station network data (see Fig. 1 in Cornes
et al., 2020), which is argued to lead to smoothing of the
extremes in the E-OBS dataset (Hofstra et al., 2010; Cornes
et al., 2020). Previous studies have found similar issues when
comparing mean precipitation from RCMs to E-OBS (Christensen et al., 2010).
The spatial distribution of the biases is similar for R20mm
and p99.9avg (Fig. 2). It seems the average percentile values
are underestimated over the same area where the very heavyprecipitation days are underestimated (the same applies to
overestimation). The average bias of R20mm over the domain is positive for both HCLIM12 (0.4 %) and HCLIM3
(0.6 %). Again, NGCD has on average 0.3 % greater values compared to E-OBS. Negative biases of both p99.9avg
and R20mm near the coastal regions might stem from model
physics and, more specifically, micro-physics. Fixed values
of cloud concentration nuclei (CCN) numbers are used in
HCLIM: 100/cm3 over the sea, 300/cm3 over land, and
500/cm3 over cities. Sensitivity results performed over Norway showed that the negative bias in mean-precipitation and
extreme-precipitation events in the coastal regions could be
improved by more realistic CCN values in the model, especially in cases when an air mass is moving from ocean to
land (Landgren, 2020). However, more evaluation regarding
the improvements in the extremes would be needed, as only
two extreme-precipitation cases were studied.
Figure 3 presents the boxplots of the average daily precipitation values over the 95th and 99.9th percentiles (p95avg –
p99.9avg , Fig. 3a–d) and the frequency of days with heavy
(R10mm) and very heavy (R20mm) precipitation (Fig. 3e–
h). Overall, the median values, as well as the variability of
p95avg and p99.9avg , agree well between both HCLIM setups and the high-resolution NGCD dataset. Compared to the
median values of p95avg –p99.9avg from NGCD (E-OBS in
Denmark), HCLIM12 seemed to slightly underestimate the
values in Finland and Sweden by 1 %–9 % and overestimate
them in Norway and Denmark by 0 %–55 % (see Table S1
https://doi.org/10.5194/nhess-22-693-2022
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Figure 2. (a–d) Average daily precipitation above the 99.9th percentile (p99.9avg ) in (a) E-OBS and the relative biases of p99.9avg values
in (b) NGCD, (c) HCLIM12, and (d) HCLIM3 with a reference to E-OBS. (e–h) R20mm values in (e) E-OBS and the percentage points
(model–observations) of R20mm values in (f) NGCD, (g) HCLIM12, and (h) HCLIM3 with a reference to E-OBS. The NGCD and HCLIM
data were remapped onto E-OBS’s grid prior to the analysis. Fldmean represents the average bias over the domain, and the values in brackets
show the average bias over the NGCD domain. All units are in percentage except in (a), where the unit is millimeters per day.

Figure 3. (a–d) Average daily precipitation (Pr) over the 95th and 99.9th percentiles (p95avg and p99.9avg ) in (a) Finland, (b) Sweden,
(c) Norway, and (d) Denmark in HCLIM12, HCLIM3, and observational datasets. (e–h) The frequency of days with heavy (R10mm) and very
heavy (R20mm) precipitation in HCLIM12, HCLIM3, and observational datasets in (e) Finland, (f) Sweden, (g) Norway, and (h) Denmark.
The data are presented on their native grids. The central mark in the boxplots is the median, while the limits of the boxes represent the 25th
percentile (Q1) and the 75th percentile (Q3), representing the interquartile range (IQR). The whiskers represent the range from Q1–1.5IQR
to Q3+1.5IQR.
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in the Supplement). The relative biases in HCLIM3 were
mainly positive at 3 %–13 % (32 %–84 % in Denmark), with
the largest biases being recorded for the greater percentile.
The main features of the relative biases of p95avg –p99.9avg
values, such as overestimation in HCLIM3 over all regions
and underestimation in HCLIM12 over Finland and Sweden,
were comparable with relative biases of the 70th to 99.99th
percentiles of daily precipitation found in a study by Lind
et al. (2020). In that study, HCLIM3 overestimated summertime (June–July–August) percentiles by 0 %–6 %, while
HCLIM12 underestimated them by 6 %–13 % when compared to NGCD.
As shown in Fig. 3, HCLIM12 overestimates the variabilities of R10mm and R20mm values compared to NGCD (EOBS in Denmark). HCLIM3, on the other hand, produces
similar variabilities of R10mm and R20mm compared to observations, although it slightly underestimates the variabilities of R10mm in Finland and overestimates them in Sweden and Norway. Compared to the median values from the
NGCD dataset (E-OBS in Denmark), HCLIM12 produces
greater median values of R10mm leading to positive relative
biases ranging from 3 % to 27 % (Table S1). HCLIM12 underestimates the very heavy-precipitation days (R20mm) in
Finland and Sweden by 14 %–15 %, while these are overestimated over Norway and Denmark by 15 % and 135 %, respectively. HCLIM3 has mainly positive biases for both metrics: 4 %–24 % for R10mm (−2 % over Finland) and 7 %–
206 % for R20mm.
The largest biases for p95avg –p99.9avg as well as for
R10mm and R20mm values are seen for Denmark where
the modeled values were compared to E-OBS instead of the
high-resolution NGCD dataset. As discussed before, the ability of E-OBS to represent the heavy-precipitation events is
questionable and might lead to misleading results. For instance, the relative biases in HCLIM3 and HCLIM12 decrease substantially from 22 %–206 % to ± 15 % when the
modeled values over Denmark are compared with the national high-resolution dataset, Klimagrid, instead of E-OBS.
Another aspect is the clear added value that can be found for
HCLIM3 over Sweden when the modeled values are compared to the national high-resolution HIPRAD dataset instead of NGCD. When comparing the values to NGCD, it
seems that the relative biases would be smaller in HCLIM12
than HCLIM3. However, a comparison with HIPRAD reveals that HCLIM12 greatly underestimates the observed
values. At the same time, the assumed overestimation in
HCLIM3 decreases. We note that the baseline used in constructing HIPRAD, namely PTHBV, includes a generic undercatch correction that might explain differences to NGCD.
Also Hu et al. (2020) showed that E-OBS and ERA5 datasets
underestimated the magnitude of daily extreme precipitation
when compared to in situ data over Germany, while the national high-resolution dataset was able to represent the extremes adequately. On the other hand, E-OBS and NGCD
cover larger regions and a longer time period compared
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022

to national high-resolution observations, which makes them
worthwhile to consider in this study.
It is therefore worth noting that the model results should
be compared with several different observations to get a more
realistic overview of the model biases as already suggested
by Prein and Gobiet (2017). They also emphasized the importance of local in situ measurements in evaluating the modeled statistics of extremes. However, also in situ measurements include uncertainties (e.g., related to undercatch). For
instance, Crespi et al. (2019) noted that precipitation climatologies over Norway were improved by combining another
HCLIM model output at 2.5 km grid spacing with in situ
measurements instead of using only local observations. The
climatologies were especially improved over remote mountainous regions. Similar conclusions were obtained in a study
by Lundquist et al. (2019), who noted that precipitation from
the model might be more accurate compared to observationally based datasets in complex terrain for mid to northern latitudes. Therefore, the overestimation in HCLIM3 could partly
be caused by the inability of the gridded observations to represent the upper tails of precipitation distribution, especially
over the Scandinavian mountains.
4.2

Evaluation of extreme daily precipitation

A noticeable feature seen in daily return values (Fig. 4) is the
systematic difference between observational datasets. For all
countries and return periods, the return values based on EOBS are smaller than those from NGCD, which are in turn
smaller than those from the collection of observational stations (i.e., the AM dataset; see Table 1). This is most pronounced for Denmark, where median return values from the
AM dataset are larger than those from E-OBS by ∼ 50 %.
The comparison between modeled and observed return values needs to be interpreted with this in mind.
HCLIM12 and HCLIM3 overestimate daily return values
by 0 %–5 % and 5 %–21 %, respectively (> 30 % and 50 % in
Denmark), compared to NGCD (E-OBS in Denmark) (Fig. 4,
Table S1). The variability of return levels is mainly well captured by both HCLIM setups, although HCLIM12 overestimates the variability in Finland and underestimates it in Sweden and Norway. E-OBS seems to produce a spread of return
values which is too large compared to in situ observations
over Denmark. HCLIM3 produces variabilities similar to the
Danish in situ data, whereas HCLIM12 underestimates them.
The inadequacy of E-OBS observations in capturing the
rarest extreme-precipitation events might explain the large
differences in modeled return values when compared to EOBS. This is confirmed when the model results are compared
with the Danish in situ measurements: the relative biases
are actually negative in HCLIM12 (around −15 %), meaning
that this model setup does not capture very high intensities
observed at the stations. Also, the relative biases in HCLIM3
decrease substantially. In Finland and Sweden, the results are
similar between NGCD and in situ gauges, although the overhttps://doi.org/10.5194/nhess-22-693-2022
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Figure 4. Same as in Fig. 3 but for daily return levels in (a) Finland,
(b) Sweden, (c) Norway, and (d) Denmark in HCLIM12, HCLIM3,
and observational datasets. The label of Obs stations refers to the
AM dataset.

estimation in HCLIM3 reduces slightly when the comparison
is made against in situ stations instead of NGCD. Looking
at the spatial distribution of the biases, negative biases in
HCLIM12 can be found over Denmark and the coastal and
mountainous areas of Norway and Sweden (Fig. S2 in the
Supplement). Positive biases can be found in the inland areas in both model setups.
4.3

Evaluation of heavy hourly precipitation

The following sections show the evaluation of modeled
hourly precipitation over Denmark, Norway, and Sweden
for which the national high-resolution gridded observations
were available. HCLIM3 mainly overestimates p95avg and
p99.9avg by 3 %–44 % compared to national high-resolution
observations (Fig. 5 and Table S2 in the Supplement), despite
an underestimation of 6 % of p95avg in Sweden. On the contrary, HCLIM12 underestimates these metrics by 5 %–37 %
and overestimates the p95avg by 1 % in Denmark. HCLIM3
also overestimates the precipitation events of more than
5 mm (R5mm) by around 60 % (5 % over Sweden), while
HCLIM12 underestimates these events by 43 %–69 %. Also,
Lind et al. (2020) and Olsson et al. (2021a) found mostly
positive biases for hourly values over the 95th percentile in
HCLIM3 and underestimation of the percentile values by
HCLIM12.
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HCLIM3 and HCLIM12 capture the variability of average values over all percentiles and R5mm, in spite of a slight
overestimation over Sweden and Norway and underestimation over Denmark by HCLIM3. Furthermore, HCLIM12
overestimates the spread of p95avg and p99.9avg over Sweden, while the spread of R5mm is underestimated in all countries. The spatial distribution of the signs of the relative biases in p99.9avg and R5mm is very homogeneous: negative biases are found over all three countries in HCLIM12,
whereas the biases are mainly positive in HCLIM3 throughout the domain despite some negative biases in the northern
parts of Sweden and Norway (Fig. S3 in the Supplement).
Furthermore, the spatial structure of the relative biases is very
similar for p99.9avg and R5mm.
It should be noted that the ERA5 dataset did not capture
the intensities or the spread of the average precipitation over
the 95th and 99.9th percentiles well. Also, the R5mm values are substantially lower in ERA5 compared to the national high-resolution observations. This is not surprising,
since ERA5 has a coarse grid resolution and parameterized
convective precipitation. Therefore, ERA5 should be used
with caution in the evaluation of extreme precipitation from
convection-permitting climate models.
The comparison with geographically sampled observational grid cells (i.e., selecting only grid cells with stations)
over Norway and Denmark reveals even more negative relative biases in HCLIM12 and decreasing relative biases in
HCLIM3 of all metrics (p95avg –p99.9avg and R5mm; see
Fig. 5 and Table S2). Without geographical sampling, the absolute relative biases of HCLIM12 seem to be lower than the
biases of HCLIM3. When geographic sampling is accounted
for, the biases are clearly lower in HCLIM3, while HCLIM12
considerably underestimates all metrics (Table S2). Geographical sampling could not be applied over Sweden, as
the HIPRAD dataset is mainly based on radar observations.
However, even when geographical sampling is performed,
which is generally recommended by Risser and Wehner
(2020), a scaling mismatch will still be present. This is because the scales of any station network will always be different from the scales of the horizontal resolutions and remaining sub-grid scale parameterizations in regional climate
models.
Figure 6 presents probability density functions of hourly
precipitation over Sweden, Norway, and Denmark. Added
value can be found especially in the ability of HCLIM3
to represent the highest intensities in Sweden and Norway. HCLIM12, on the other hand, underestimates all intensities above 1.5–2 mm h−1 over all three countries compared to the national datasets. In Denmark, HCLIM3 shows
overestimation for the highest intensities. With geographic
sampling, the highest intensity (with a density of 0.001)
computed from the observational Klimagrid data increases
from 9 to 11 mm h−1 , which is closer to the value simulated by HCLIM3 (∼ 12.5 mm h−1 ) than that of HCLIM12
(∼ 7.3 mm h−1 ) (Fig. S4b in the Supplement). Again, the
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022
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Figure 5. (a–c) Same as in Fig. 3 but for average hourly precipitation over the 95th and 99.9th percentiles (p95avg and p99.9avg ) in (a) Sweden, (b) Norway, and (c) Denmark in HCLIM12, HCLIM3, and observational high-resolution national datasets. Please note the logarithmic
scale of the y axis. (d–f) The frequency of hours with heavy (R5mm) precipitation in HCLIM12, HCLIM3, and observational datasets in
(d) Sweden, (e) Norway, and (f) Denmark. The label of Obs refers to the national high-resolution gridded datasets. The label of sampled
refers to the results with geographic sampling.

Figure 6. The mean probability density functions of hourly precipitation for (a) Sweden, (b) Norway, and (c) Denmark. The shading presents
the 25th and 75th percentiles from the spatial distribution. The label of Obs refers to the national high-resolution gridded datasets. All data
are presented on their native grids. A threshold of 0.1 mm h−1 was used prior to analysis.

added value found in HCLIM3 depends on the observational
datasets that are used as a reference and can also be influenced by geographic sampling. The coarse-resolution ERA5
fails to capture the highest intensities compared to the higherresolution observations.
The diurnal cycle of the 99.9th percentile is better represented in HCLIM3 compared to HCLIM12, especially
over Sweden and Norway (Fig. 7). However, HCLIM3
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022

shows some overestimation which is the largest during the
daytime with a mean bias (model–observations) over all
hours of 0.4 mm h−1 in Sweden, 0.8 mm h−1 in Norway, and
1.5 mm h−1 in Denmark (Table S2). HCLIM12 underestimates the precipitation intensities of all hours with a mean
bias of −2.1 mm h−1 in Sweden, −0.9 mm h−1 in Norway,
and −1.0 mm h−1 in Denmark. The observed peak in the
99.9th percentile precipitation occurs in the late afternoon in
https://doi.org/10.5194/nhess-22-693-2022
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Figure 7. The mean diurnal cycles of the 99.9th percentile events for (a) Sweden, (b) Norway, and (c) Denmark. The shading presents the
25th and 75th percentiles from the spatial distribution. The label of Obs refers to the national high-resolution gridded datasets. The data are
presented on their native grids.

Sweden and Norway. There is no clear peak in observations
in Denmark, but a minimum occurs during the night. Overall,
the afternoon peak is well captured by HCLIM3 in Sweden
and Norway, while the nighttime minimum in Denmark is not
well represented. While HCLIM12 does not show any clear
peaks, ERA5 shows peaks that are too early in Sweden and
Norway. It is known that models with parameterized convection tend to produce peaks of the diurnal cycle that are ahead
of time because the convection onset might be triggered too
early (e.g., Brockhaus et al., 2008; Meredith et al., 2021).
HCLIM12 and ERA5 also underestimate the observed intensities of the 99.9th percentile events throughout the day. Previously, Belušić et al. (2020), Lind et al. (2020), and Olsson
et al. (2021a) have shown that HCLIM3 improved the representation of the diurnal cycles of mean precipitation as well
as the 90th and 99th percentiles compared to HCLIM12.
When geographical sampling is applied, HCLIM3 better
captures the shape of the diurnal cycle also over Denmark,
although the nighttime minimum occurs still too late compared to observations (Fig. S4c and d). The mean bias in
HCLIM3 decreases from 1.5 to 0.5 mm h−1 in Denmark and
from 0.8 to 0.5 mm h−1 in Norway (Table S2). It is clear that
involving all grid cells in the Klimagrid dataset deteriorates
the comparison with HCLIM3. Lind et al. (2020) encountered similar problems in the ability of Klimagrid to capture
the diurnal cycle of mean hourly precipitation. The problems
might arise from the interpolation scheme used in Klimagrid,
which interpolates spatially for each hour.
4.4

Evaluation of extreme hourly precipitation

HCLIM3 captures the hourly return levels of all return periods substantially better than HCLIM12 (Fig. 8).
HCLIM12 underestimates all return levels by 48 %–62 %,
while HCLIM3 has positive biases of 0 %–12 % in Sweden
and Norway and negative biases of 7 %–14 % in Denmark
(Table S2). Both model setups (especially HCLIM12) underestimate the variability of return periods over all countries,
https://doi.org/10.5194/nhess-22-693-2022

although HCLIM3 captures the variability over Sweden well.
As expected, ERA5 shows poor performance in capturing the
values and variabilities of all return levels compared to the in
situ stations. The spatial structure of the relative biases of the
return values with a return period of 10 years is very uniform
in HCLIM12, as the biases are negative and of the same magnitude over all three countries (Fig. S5 in the Supplement).
Positive and negative relative biases of HCLIM3 simulated
return levels are irregularly scattered over the whole domain.
The underestimation of return levels and their variability
by HCLIM3 and HCLIM12 might be too large because we
did not take into account areal reduction factors for the in
situ data. Statistical extremes retrieved from point sources
(e.g., in situ gauges) are generally expected to be higher than
extremes from climate models that produce spatial averages,
which is causing a scaling mismatch (Chen and Knutson,
2008). Also, the differences in the temporal scales are not
taken into account. The observed hourly precipitation is measured every 1 min in Denmark, every 15 min in Sweden, and
every 1 min or 1 h in Norway, while the model produces values for every full hour. For instance, Berg et al. (2019) reported a reduction factor of 1.21 when going from a point
measurement to a 12 km grid resolution and from 1 min temporal sampling time to 60 min. On the other hand, HCLIM3
would still show superior performance over HCLIM12 even
if the hourly annual maxima from the in situ data would be
reduced by 20 %.
The fact that most of the annual maximum precipitation
occurs during the convective season in the summer (see
Sect. 4.5; Lutz et al., 2020; Dyrrdal et al., 2021) indicates
that the reason for the superior performance of HCLIM3 over
HCLIM12 might be the explicitly resolved deep convection
in HCLIM3. In addition, the results obtained for HCLIM12
are in line with previous studies. Berg et al. (2019) concluded
that the regional climate model simulations with 12.5 km resolution underestimated 10-year return levels for hourly durations over selected European countries including Sweden.
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Figure 8. Same as in Fig. 3 but for hourly return levels in (a) Sweden, (b) Norway, and (c) Denmark in HCLIM12, HCLIM3, and observational datasets. The label of Obs stations refers to the AM dataset.

Although Fig. 8 shows promising results from the
convection-permitting regional climate model (CPRCM)
setup, it would be important to assess the ability of the
model to capture the actual meteorological conditions that
lead to extreme-precipitation events. For instance, Coppola
et al. (2020) showed that some specific observed extremeprecipitation cases might be missed by CPRCMs. Although
CPRCMs generally cannot be expected to reproduce single
extreme events even in perfect boundary simulations, they
might simulate events that were “missed” by reality keeping in mind that reality is only one of the many realizations
of climate. This leads to a better agreement of the longterm statistics of precipitation extremes between the model
and observations. Olsson et al. (2021a) illustrated this point
by analyzing how well the HCLIM model captured the observed extreme-precipitation event occurring in August 2014
in Malmö. They concluded that HCLIM3 reproduced the
event but with reduced intensity. However, another event
similar to the Malmö case was found in HCLIM3 but in a
different year, whereas HCLIM12 did not simulate events of
the same magnitude. It is good to note that a 21-year simulation period is a relatively short period, and one might need
to wait more than 21 summers to generate the most intense
precipitation events. Nonetheless, this calls for more studies
of the underlying processes and meteorological conditions of
the simulated extreme events, which would bring us forward
regarding the shortcomings in models and observations.
4.5

Seasonality of hourly and daily annual maximum
precipitation

Figure 9 illustrates the occurrences of simulated hourly and
daily annual maximum precipitation in Sweden, Norway, and
Denmark compared to the national high-resolution datasets.
Annual hourly and daily extreme events are most frequent
in July and August, except for daily events in Norway. In
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022

Norway, the daily extreme-precipitation events occur also in
late autumn, especially near the coastal areas (Dyrrdal et al.,
2021). Still, the larger density of occurrences in September in
Norway is captured by both model setups. In addition, both
HCLIM3 and HCLIM12 show good consistency with observational datasets, and overall, the differences resulting from
the model setups are small.
HCLIM3 overestimates the occurrence of hourly extreme
events in July over Sweden and Norway and, on the contrary, underestimates these events in August. Geographical
sampling does not substantially affect the results, but for instance, the overestimated density of hourly events in July
over Norway by HCLIM3 diminishes. Olsson et al. (2021a)
encountered overestimated fractions of annual maxima observed in June and underestimated fractions in July and
August by HCLIM3 and HCLIM12 over southern Sweden.
However, they compared the results only over seven in situ
stations in the specific area over Sweden, whereas this study
considered the whole of Sweden. Although the results are not
completely comparable, Olsson et al. (2021a) concluded that
HCLIM3 did not improve the model performance regarding
the monthly occurrences of annual maxima, which seems to
be the case also in our study.
5

Conclusions

We analyzed the characteristics of heavy and extreme precipitation in 21-year-long convection-permitting climate simulations with non-hydrostatic dynamics at a 3 km grid spacing
(HCLIM3) and compared them with climate simulations performed with 12 km grid spacing, hydrostatic dynamics, and
parameterized convection (HCLIM12). These simulations
have been evaluated and presented in previous studies (Lind
et al., 2020; Olsson et al., 2021a), but this paper presents a
more detailed evaluation of the extreme-precipitation statishttps://doi.org/10.5194/nhess-22-693-2022
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Figure 9. Same as for Fig. 3 but for the distribution of monthly occurrences based on hourly and daily annual maximum precipitation in
(a) Sweden, (b) Norway, and (c) Denmark in HCLIM12, HCLIM3, and observational datasets. The label of sampled refers to the results with
geographic sampling.
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tics utilizing both basic metrics, such as average precipitation over the 95th to 99.9th percentiles and frequencies of
heavy-precipitation events, as well as generalized extreme
value (GEV) theory. The evaluation was performed over the
Nordic region with a special focus on the warm season from
April to September. The results are summarized as the following:
– Daily heavy-precipitation amounts and frequencies, as
well as daily return levels, were well represented over
the Nordic region by HCLIM (at both 3 and 12 km grid
spacings).
– HCLIM3 was able to capture the most intense hourly
precipitation events and their frequency with a slight
overestimation, while these were underestimated by
HCLIM12.
– Overall, HCLIM3 improved the representation of the
probability density functions of hourly precipitation and
the diurnal cycle of the 99.9th percentile events over
Sweden and Norway. In particular, the shape of the diurnal cycle, peak time, and amounts were better captured by HCLIM3, whereas the peak was not visible in
HCLIM12.
– A clear added value of HCLIM3 was seen in simulating
return levels of hourly precipitation. HCLIM3 produced
very similar precipitation intensities to in situ observations, while HCLIM12 substantially underestimated
them.
– Both models captured the seasonality of annual maximum precipitation with most of the daily and hourly
events occurring in July and August.
This study confirmed that the coarser E-OBS and ERA5
datasets underestimate the most intense precipitation extremes in the Nordic region: the amounts and frequencies of
heavy and extreme precipitation were substantially lower in
these datasets compared to the high-resolution gridded observations. Therefore, the model results should be compared
with several different datasets, preferably high-resolution
ones or in situ observations, to get a better overview of the
model biases. In general, part of the model biases might arise
from the uncertainties in observations. The in situ network
is sparse especially over Scandinavian mountains, and systematic undercatch of precipitation lowers the quality of observations in this region. Nevertheless, the results indicate
that high-resolution observations are crucial in the evaluation of high-resolution climate models. The model evaluation
would especially benefit from datasets that merge both rain
gauges and high-resolution temporally and spatially continuous weather radar data as well as from better uncertainty estimates for the observational datasets. Also, geographic sampling affected the results of model evaluation: the sampling
decreased the overestimation in HCLIM3 and led to a greater
Nat. Hazards Earth Syst. Sci., 22, 693–711, 2022

underestimation of the observed values by HCLIM12. The
hourly heavy-precipitation intensities and amounts as well as
the shape of the diurnal cycle were clearly better represented
in HCLIM3 compared to HCLIM12 when geographic sampling was applied.
The results presented in this study generally agree with
previous studies of evaluation of convection-permitting regional climate models. These include a better representation of the diurnal cycle and the highest intensities of hourly
precipitation and their frequencies in convection-permitting
HCLIM3. Hence, we conclude that an added value can be
found for the HCLIM38 model at convection-permitting
scales in simulating heavy- and extreme-precipitation events
over the Nordic region. Although investigating the origin of
the added value in HCLIM3 is beyond the scope of this study,
the results indicate that the improvements in HCLIM3 are
due to explicitly simulated deep convection. The higher horizontal resolution might also play a role. However, understanding the underlying processes of precipitation extremes
would be highly beneficial to gain information on the ability of the model to reproduce these events for the right reasons. Nonetheless, the results indicate that high-resolution
convection-permitting climate models are valuable for the
construction of the future projections of extreme precipitation, as climate adaptation requires more robust and reliable
projections of future changes. Future work will investigate
the changing characteristics of precipitation extremes due
to climate change over northern Europe with HCLIM3 and
HCLIM12 while putting the results in context by comparing
the HCLIM38 model with a larger RCM ensemble.
Code availability. The ALADIN and HIRLAM consortia cooperate on the development of a shared system of model codes. The
HCLIM model configuration forms part of this shared ALADIN–
HIRLAM system. According to the ALADIN–HIRLAM collaboration agreement, all members of the ALADIN and HIRLAM
consortia are allowed to license the shared ALADIN–HIRLAM
codes within their home country for non-commercial research.
Access to the HCLIM codes can be obtained by contacting
one of the member institutes of the HIRLAM consortium
(see links at http://hirlam.org/index.php/hirlam-programme-53,
Lantsheer, 2016). The access will be subject to signing a standardized ALADIN–HIRLAM license agreement (http://hirlam.
org/index.php/hirlam-programme-53/access-to-the-models,
HIRLAM, 2022). Some parts of the ALADIN–HIRLAM
codes can be obtained by non-members through specific licenses, such as in OpenIFS (Integrated Forecasting
System;
https://confluence.ecmwf.int/display/OIFS,
Carver, 2022) and Open-SURFEX (Surface Externalisée;
https://www.umr-cnrm.fr/surfex, SURFEX, 2022).
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