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Abstract
Verification of HARMONIE-AROME, ECMWF-IFS and WRF: Visibility and Cloud
Base Height
Elin Kindlundh

Visibility and cloud base height are two important parameters within aviation meteorology and verifica-
tion of operational numerical weather prediction (NWP) models with regard to these two parameters is
therefore important. Visibility is often parameterized through an extinction coefficient, which is depen-
dent on for example liquid or ice water content, however it also depends on the humidity, precipitation
intensity and particle concentration. The cloud base height is defined as the lowest level where the cloud
fraction exceeds 4 octas and is governed by the parameterizations of for example microphysics, turbu-
lence and radiation. The horizontal and vertical resolutions are also of importance when forecasting the
visibility and cloud base height and more advanced parameterizations, higher resolutions and better data
assimilation methods may be necessary to improve the forecasts.

In this study the three operational NWP models HARMONIE-AROME (HIRLAM-ALADIN Re-
search on Mesoscale Operational NWP in Euromed – Applications of Research to Operations at Meso-
scale), ECMWF-IFS (European Centre for Medium-Range Weather Forecasts – Integrated Forecast Sys-
tem) and WRF (Weather Research and Forecasting) are verified with regard to visibility and cloud base
height. For occasions with fog HARMONIE-AROME is the most accurate, possibly due to finer resolu-
tion, while ECMWF-IFS has a better aerosol representation and is the most accurate at higher visibility
ranges. For the cloud base height WRF and ECMWF-IFS provide the best forecasts, despite their low
resolutions, and superior parameterizations may therefor be the reason for their better forecasts.

A verification of HARMONIE-AROME is also conducted to investigate how model changes may
have affected the forecasts. The visibility forecasts does not change noticeably due to any model change,
instead a strong seasonal dependence is evident. At a couple of model changes the cloud base height
forecasts deteriorated. The wind directions at which the model generally struggles more to provide cor-
rect forecasts are those not in the prevailing wind direction.
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Populärvetenskaplig sammanfattning
Verifikation av HARMONIE-AROME, ECMWF-IFS och WRF: Sikt och molnbashöjd
Elin Kindlundh

Inom flygmeteorologi är sikten och molnbashöjden två viktiga parametrar och det är därför av vikt
att verifiera de operativa numeriska väderprognosmodellerna mot dem. Sikten parameteriseras ofta
genom en absorptionskoefficient som beror på exempelvis det flytande eller frysta vatteninnehållet, men
påverkas även av fuktighet, nederbördsintensitet samt partikelkoncentration. Molnbashöjden ges av
den modellnivå där molntäcket överstiger 4 åttondelar och beror på parameterisationsscheman gällande
bland annat mikrofysik, turbulens och strålning. För både sikten och molnbashöjden är även den horison-
tella och vertikala upplösningen viktiga och för förbättringar av prognoserna kan både mer avancerade
parameteriseringar, högre upplösningar samt bättre dataassimileringar vara nödvändiga.

De tre operationella väderprognosmodellerna HARMONIE-AROME (HIRLAM-ALADIN Research
on Mesoscale Operational NWP in Euromed – Applications of Research to Operations at Mesoscale),
ECMWF-IFS (European Centre for Medium-Range Weather Forecasts – Integrated Forecast System)
och WRF (Weather Research and Forecasting) verifieras med avseende på sikt och molnbashöjd. För
tillfällen med dimma är HARMONIE-AROME mest träffsäker, möjligtvis på grund av dess bättre up-
plösning, medan ECMWF-IFS använder mer verklighetstrogen aerosoldata och presterar bäst vid högre
siktvärden. Gällande molnbashöjden ger WRF samt ECMWF-IFS de bästa prognoserna, trots deras
lägre upplösning, och parameterisationerna kan därför vara orsaken till de bättre molnbasprognoserna.

En verifikation av HARMONIE-AROME genomförs även för att undersöka hur modellförändringar
påverkar prognosernas träffsäkerhet. Ingen modellförändring har märkbart förändrat siktprognoserna,
som istället visar ett tydligt säsongsberoende. Vid ett par modeluppdateringar har molnbasprognoserna
försämrats. De vindriktningar då modellen generellt har relativt svårt att ge korrekta prognoser är då
vinden inte kommer från den dominerande vindriktningen.

Nyckelord: HARMONIE-AROME, ECMWF-IFS, WRF, verifikation, sikt, molnbashöjd
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1 Introduction

Accurate weather forecasts are essential for guaranteeing aviation safety, since unexpected fog,
lowering of the cloud base or harsh weather can cause severe aviation incidents. Two of the
most important parameters in aviation forecasts are cloud base height and visibility, as they can
determine the starting and landing conditions at an airport, if rescue missions can be safely con-
ducted or if an aircraft is allowed to fly without instruments. These parameters can also be the
most difficult, since they depend on the microphysical properties of the atmosphere, as well as
on turbulence and radiation, all of which must be parameterized within the weather models and
can not to date be explicitly forecasted. Because of the connection between clouds, radiation
fluxes and temperature, there is a strong linkage between the accuracy of cloud forecasts and
the overall forecast accuracy, and correct cloud forecasts are therefor also important for public
forecasts (WMO, 2012).

The visibility is determined by the amount and concentration of small particles in the atmo-
sphere, such as water droplets, ice crystals and aerosols. These particles will affect the light’s
ability to travel through the air. It is defined by the World Meteorological Organization as the
largest distance at which a black object can be seen and recognized against the horizon sky in
daytime illumination. Since the implementation of automatic instruments to perform visibility
observations, a new definition of visibility has been introduced, called the meteorological opti-
cal range. It is defined as the length through the atmosphere necessary to reduce the luminous
flux to 5% of its original value (SMHI, 2018a).

The cloud base height is the height at which the lowest part of the cloud is located. For
aviation the low level clouds are predominantly interesting and the clouds are considered sig-
nificant when their cloud cover exceeds 4 octas. Low level clouds are defined to have cloud
base heights below 2000 m (6500 ft) (SMHI, 2017e).

Aviation forecasts for airports are often issued in the form of a TAF (Terminal Aerodrome
Forecast). These encoded short-range forecasts, valid for 9 or 24 hours, are given for the
airport and the area close to it. A TAF consists of the initial weather at the forecasts starting
hour, divided into weather groups – wind speed and direction, visibility, significant weather and
cloud base height – and changes that are expected or likely to occur for each weather group. In
order for a change to be described in the TAF, certain change criteria must be fulfilled and in
the case of cloud base height and visibility certain limit values has to be reached or exceeded
(SMHI, 2018b).

Weather forecasts are made using numerical weather prediction (NWP) models, where the
governing equations are discretized and solved for in time and space, and parameterizations
implemented to account for too complex or too fine scale processes to be described by direct
simulations. The models suffer from numerical, initial and approximation errors, and are sel-
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dom completely correct. To issue as correct forecasts as possible, it is therefor necessary to
know how well the NWP models perform by verifying the model output against the observed
weather.

In this thesis the three NWP models HARMONIE-AROME (HIRLAM-ALADIN Research
on Mesoscale Operational NWP in Euromed – Applications of Research to Operations at
Mesoscale), ECMWF-IFS (European Centre for Medium-Range Weather Forecasts – Inte-
grated Forecast System) and WRF (Weather Research and Forecasting) are verified with regard
to cloud base height and visibility. The models are developed by different organizations, op-
erate at different scales and with different parameterizations, and are chosen because they are
the main models used for forecasting in Sweden. The verification is performed for November
2019 to January 2020, using 31 SYNOP stations in Sweden and model data provided by the
Swedish Meteorological and Hydrological Institute (SMHI) and the Swedish Armed Forces
(SAF). The purpose of the verification is to see how accurate the model forecasts are and also
how the number of grid points used around the observation site affect the verification results.
Along with the verification, case studies are conducted. A long-range verification is also per-
formed on HARMONIE-AROME from November 2015 to October 2019 to investigate how
model changes may have affected the accuracy in cloud base height and visibility forecasts,
and if the wind direction is linked to the forecast accuracy.

2 Background

2.1 Formation of fog, reduced visibility and clouds

The physics behind fog and clouds are very much alike, with the main difference being that
fog touches the ground. Hence fog can form if the cloud base lowers all the way to the ground
(Gultepe et al., 2007). Fog and cloud droplets are created as the air is cooled to below the satu-
ration temperature and the water vapor of the air condenses onto aerosols often with diameters
of 0.2 µm - 2 µm. Saturation can also be achieved by increasing the humidity of the air. If
the temperature is low enough, the water freezes and ice crystals are formed. The droplets and
crystals may grow as more water condensates or as they collide with each other (Rogers & Yau,
1989, pp. 81-119; SMHI, 2017c).

The cooling that leads to cloud droplet formation can either be due to convection as instabil-
ity causes an air parcel to rise and cool as it expands, or due to orographic or frontal forcing as
the air is pushed upward along a sloping surface. This can also happen at the border of different
air masses. Clouds can form at an inversion if the temperature is low enough or if the outgoing
radiation at the top of the layer is large enough to cool the air (SMHI, 2017b), or by cooling of
the entire boundary layer due to a cold ground in combination with large turbulence.
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Fog is defined as a gathering of water droplets or ice crystals that causes the visibility to
fall below 1 km. Visibility below 10 km is called mist. Fog formation is dependent on for ex-
ample large-scale atmospheric flow, the surface characteristics, turbulence within the planetary
boundary layer (PBL), heat fluxes, microphysics of the droplets and the aerosols present (Belo-
Pereira & Santos, 2016). The most common causes of fog formation are outgoing longwave
radiation that cools the ground and the air above it, advection that brings warm and moist air
over a cooler surface, mixing between two air masses with different temperature and humidity,
orographic forcing, and the approach of a warm front that due to rain increases the humidity of
the cold air and that due to the falling pressure ahead of the front causes the temperature to fall
(SMHI, 2017c; Gultepe et al., 2007).

The visibility can also be reduced due to precipitation (Huang & Zhang, 2017) and large
concentration of aerosols such as dust and ashes, where the light attenuation and visibility
reduction depends on the particle size distribution, as well as the chemical composition, mixing
state and shapes of the particles (Bräumer et al., 2008; Andersson & Kahnert, 2016). Larger
aerosols, with diameters greater than 100-300 nm, contribute the most to visibility reduction;
an increase in the number size distribution of these particles results in a decrease in visibility,
even though the smaller aerosols are in clear majority of the atmosphere (Bräumer et al., 2008;
Pueschel & Noll, 1967). Aerosols also act as condensation nuclei and can therefor be captured
by droplets growing from diffusion or be removed from the atmosphere by precipitation. The
more condensation nuclei present, the smaller the resulting droplets become and the more likely
they are to remain in the air. Larger droplets form if the condensation nuclei concentration is
lower and are more prone to fall as precipitation than smaller droplets (Rogers & Yau, 1989,
pp. 60-119).

2.2 Observations of visibility and cloud base

Automatic measurements of visibility use so called Present Weather sensors, where lasers mea-
sure the scattering through the air to determine the visibility. The visibility of the small volume
of air that the sensor measures through is assumed to represent the visibility of a larger area
around the weather station. The measurements are therefor uncertain, since the visibility can
vary greatly over small distances. At a manual measurement site, an observer can use land-
marks far from the station to give a more general visibility value (SMHI, 2018a; Met Office,
n.d.a).

Automatic measurements of cloud base heights suffer from the same point measurement
problematics as the visibility measurements. Cloud base heights are mainly automatically ob-
served, using vertical laser pulses that reflect against the cloud base and return to the instrument.
The laser measures only a small portion of the sky, but the measurments are assumed to repre-
sent the entire sky and its clouds. These instruments can not detect clouds at too high altitude;
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the maximum height is approximately 7500 m (245 hft), although some older instruments have
a maximum detection height of 3800 m (125 hft). The amount of clouds is measured in either
percents or in octas (SMHI, 2017a).

2.3 Numerical Weather Prediction

2.3.1 Basics

NWP models forecast weather using numerical methods to integrate the governing physical
equations that describe heat transfer and dynamic motion of the atmosphere forward in time.
The governing equations include Navier-Stokes equations, the thermodynamic energy equa-
tion, the continuity equation for mass and water vapor, and the ideal gas law. The equations
within the model may be simplified and too intricate processes parameterized to make the com-
putations faster (Warner, 2011, pp. 6-16).

NWP models can operate on a global scale or on a limited area. Global models forecast
the weather of the entire Earth, and hence generally have a coarser resolution than limited area
models (LAMs). A LAM is forced at its borders by a global model (Warner, 2011, pp. 17-23).

The initial conditions for the models come from in-situ measurements or remote sensing.
This data may be assimilated using three-dimensional or four-dimensional variational (3D/4D-
Var) assimilation onto a previously forecasted field, called a first guess field. Cost functions are
used to find the optimal fit so that the initial field is in as much agreement as possible with both
the observational data and the first guess. 3D-Var assimilation has no time dependence, while
4D-Var, on the other hand, use observations from multiple times within the so called assimi-
lation window (Warner, 2011, pp. 231-244). The usage of a 4D-Var assimilation procedure is
reported to produce better forecasts (Huang et al., 2009).

2.3.2 Physical parameterization

Some processes of the atmosphere are at a too small scale to be represented by the model, too
complex to efficiently be calculated or too unknown to be described in detail. These processes
must be parameterized, where the unknown variables are expressed using known variables.
Some of the processes that are parameterized are turbulence, heat fluxes, radiation, cloud mi-
crophysics and cloud cover. Turbulence can be parameterized using predictive equations for the
state variables and by expressing the covariances in terms of the first moments. Higher order
closure methods parameterize the higher order correlations and can also compute the turbulent
kinetic energy. Parameterization of radiation is divided into longwave and shortwave fluxes,
that are computed with regard to absorption, emission, scattering and reflection, and how these
effects influence and are affected by for example temperature and cloud layers (Warner, 2011,
pp. 119-168).
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2.3.3 Forecasting visibility

Visibility is mostly forecasted for the lowest model layer and the most common approach is to
assume a relationship between the visibility (Vis) and the extinction coefficient (β), given as
a function of the liquid water content (LWC, or replaced by the ice water content; IWC). An
often used relationship is the power-law for calculating the extinction coefficient and from that
estimate the visibility;

β = a(LWC)b , (1)

Vis = − ln(ε)

β
. (2)

ε is the threshold for brightness contrast, usually set to 2% but in some cases to 5% in accor-
dance to the World Meteorological Organizations definition of meteorological optical range.
The coefficients a and b are determined empirically, and their values have a large variability
depending on the atmospheric conditions and the particles and hydrometeors present (Gultepe
et al., 2007; Huang & Zhang, 2017). The extinction coefficient used in Equation 2 is taken as
the sum of the extinction coefficients estimated for each atmospheric particle type (ECMWF,
2019b). Additional calculations can be included that estimates the visibility from the rela-
tive humidity and for example the cloud concentration nuclei or the water vapor concentration
(Andrae & Olsson, 2019, personal communication; Svensson, 2019, personal communication).

The visibility of the real atmosphere does not only depend on for example the extinction
coefficient, the LWC/IWC and the relative humidity, but also on the droplet number concen-
tration (Nd). For a given value of LWC, the droplet number concentration within a volume
of air can vary from a few to a hundred droplets per cm3. Accounting for the droplet num-
ber concentration can therefor be of significance, which Gultepe et al. (2006) showed when
comparing a parameterization in the form of Equation 1-2 with a function of both the droplet
number concentration and the LWC;

Vis =
1.002

(LWC ·Nd)0.6473
. (3)

This improved the visibility forecasts by 50% (with a relative error dropping from 44% to
27%). Forecasting the droplet number concentration is computationally expensive, since it
requires double- or triple-moment bulk parameterizations or bin models (described in section
2.3.4), but the droplet number concentration can be estimated through functions of the tem-
perature. A visibility parameterization such as Equation 3 could therefor be implemented in
current operational NWP models that only utilize single-moment bulk schemes (Gultepe et al.,
2006).

Reduced visibility during precipitation is determined by both the amount of hydrometeors
present in the line of sight and the precipitation rate. Huang and Zhang (2017) compared nu-
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merous empirically developed parameterizations for predicting reduced visibility in snow fall,
where the extinction coefficients were mainly dependet on the snow fall rate or the hydrometeor
(rain, snow, graupel, cloud water and cloud ice) mass concentration. They showed that the most
successful parameterization was one where the snow fall rate was included (Vis = 0.62S−0.59,
with S as the snow fall rate) and that the accuracy of the visibility forecasts strongly depend on
the accuracy of the forecasted relevant meteorological variables, in this case the snow fall rate.

In addition to the reduction of visibility due to hydrometeors, humidity and precipitation
rate, the number concentration and size distribution of aerosols should be taken into account,
since they both affect the number of droplets and their sizes (Rogers & Yau, 1989, pp. 60-119)
and also cause visibility reduction on their own, known as haze (Met Office, n.d.b). Includ-
ing aerosols can be done by assuming a seasonally varying climatology rather than forecasting
the aerosol species directly or indirectly (e.g. ECMWF, 2019b). Other approaches involve as-
suming a constant background aerosol concentration, that is increased if the wind comes from
more polluted areas. When forecasting the aerosol concentration more directly, an initial state
is required, which can be derived from synoptic measurements of the relative humidity and
visibility. From this and from assumed or modeled boundary conditions, the number concen-
tration, atmospheric chemistry contributions and precipitation removal can be parameterized,
and the extinction coefficient of the aerosols approximated in combination with the effects of
relative humidity and mixing ratios, as done in the Met Office Unified Model (Clark et al.,
2008). Another model to forecast aerosols is the MATCH (Multiple-scale Atmospheric Trans-
port and Chemistry) model, developed by SMHI to calculate the transformation, transportation
and washout of air pollution. Since it operates offline, no interaction is currently possible
with the commonly used weather prediction models (SMHI, 2017d). The CAMS (Coperni-
cus Atmosphere Monitoring Service) models atmospheric aerosols, such as dust, sea-salt and
biomass-burning aerosols, on a global scale (CAMS, n.d.) and can provide operating NWP
models with real-time aerosol data (Bengtsson et al., 2017). The modelling of aerosols mainly
affect the visibility of 1-5 km (Clark et al., 2008).

Forecasting visibility is also highly dependent on the radiation and turbulence and the inter-
actions between the Earth’s surface and the atmosphere, especially in the case of fog or mist.
To adequately describe the heterogeneity and characteristics of the surface, a high horizontal
resolution of the model is required, and to capture the processes within the atmospheric bound-
ary layer giving rise to reduced visibility, a high vertical resolution is needed (Gultepe et al.,
2007). Forecasting parameters such as temperature accurately is also important; to be able to
capture the physical characteristics of the fog, the model temperature must lie within 1 degree
of the real temperature (Gultepe et al., 2006).

An approach to improve the visibility forecasts is the usage of Single Column Models
(SCMs); a one-dimensional version of a limited area model, forced by the 3D model. In SCMs
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the resolution may be finer than in the 3D model and local adaptations can be made to account
for the current phenomenon or situation. SCMs are only suitable for relatively flat terrain and
situations with a horizontal heterogeneity, since they are unable to include horizontal advection
or horizontal mass divergence unless provided by a 3D model. SCMs have been proved by
Terradellas and Cano (2007) to give better forecasts than traditional 3D models within a lead
time up to 10-12h, mainly due to that SCMs can utilize all local observations without being
restricted by the spatial representativeness. They could therefor give additional information to
operational forecaster and could also be coupled with 3D NWP models (Terradellas & Cano,
2007; Gultepe et al., 2007; Belo-Pereira & Santos, 2016).

2.3.4 Forecasting clouds

Clouds are modeled and affected by various parameterization schemes, for example radiation,
turbulence, cloud microphysics, convection and cloud cover.

Cloud microphysics parameterizations are meant to capture the processes involving cloud
droplets and hydrometeors, such as the formation and evolution of particles within a cloud. Mi-
crophyscial parameterizations are either bin models or bulk microphysical parameterizations.
In bin models the particle size spectrum is partitioned into intervals (bins) and at every grid
point prognostic equations are applied for each particle type and interval to give a forecast
of the particle concentration. In bulk microphysical parameterizations an analytic form is as-
sumed for the size spectrum of each particle type, to which prognostic equations are applied.
Single-moment bulk parameterization schemes only make forecasts of the particle mixing ra-
tio or specific humidity, double-moment schemes also add the particle number concentrations,
and triple-moment schemes add radar reflectivity as well. Bin models are more accurate and
sensitive, since they better represent many microphysical processes and the effect of aerosols
(Khain et al., 2015), but in operational NWP models bulk schemes are used, due to their lower
computational cost (Warner, 2011, pp. 121-128). Increasing the number of moments in bulk
schemes is reported to improve the parameterization in comparison to observations, but will
also increase the computational time needed. Apart from increasing the number of moments,
bulk schemes can be improved by adding calculations of the aerosol life cycle or by making
them so called bin-emulating (Khain et al., 2015).

For high resolution models with a resolution of 1 km, a grid box may be assumed to be
either cloud-free or cloudy. In models with coarser resolution, this assumption may not be
valid and the cloud geometry, such as the horizontal and vertical fractional cloud coverage of
the grid box and the overlap of clouds, must be parameterized. This can be done by using
the relative humidity and relating this to the fractional cloud cover. Another approach is to
use statistical methods, where the cloud fraction is estimated by a subgrid-scale probability
distribution function of the humidity and the integral above the assumed saturation mixing
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ratio (Warner, 2011, pp. 166-168).
Most convective parameterizations utilize an estimation of the convective available potential

energy (CAPE) and convective inhibition (CIN) of the atmosphere to determine how large
and powerful the convection could be. Fine scale nonhydrostatic models with a horizontal
resolution smaller than 3 km, can be assumed to resolve deep convection caused by large scale
convergence or deep conditional instability. To capture shallow convection, where the cloud
tops only reach a few kilometers above the surface, a horizontal resolution smaller than 1 km
is required (Warner et al., 2011, pp. 129-140; Bengtsson et al., 2017).

The cloud base height is a postprocessed value, given from the three dimensional columns
of the NWP model. This height can be given by a total condensate and/or cloud fraction limit
(WMO, 2012; ECMWF, 2019b).

Cloud forecasts, as for all forecasts, are dependent on the assimilation of data. By using
cloud mask imagery from the MSG (Meteosat Second Generation) satellite in the initialization
of HIRLAM (High Resolution Limited Area Model), van der Veen (2013) showed that this
could have a positive impact on the forecasts even after 24h. In a study of the WRF model
Hagman et al. (2020) showed that by initializing cloud hydrometeors directly into the model,
instead of waiting for the model to produce the clouds during the spin-up, artificial low level
clouds were avoided. In forecasting low level clouds, the resolutions of the model is also of
importance, as well as the parameterization scheme (Arbizu-Barrena et al., 2015).

2.4 HARMONIE-AROME

The HARMONIE-AROME model currently runs at cycle 40h1.1 (Partio et al., 2020). It utilizes
the same nonhydrostatic dynamical core as AROME-France, with modification to suit Nordic
weather conditions. HARMONIE-AROME is a LAM that operates with a horizontal resolution
of 2.5 km and 65 vertical layers following a mass-based terrain-following sigma-coordinate
system. The lowest vertical level is located at approximately 12 m altitude, with a discretization
of 15–100 m in the lowest kilometer of the atmosphere. The model top layer is located at 33 km
(10 hPa). At the lateral boundaries it is forced by the global ECMWF-IFS model (see section
2.5). The horizontal resolution of the AROME models bypass the convective grey zone (in
between 3 and 6 km, were deep convection is not entirely resolved by the model) and enables
the models to fully capture deep convection (Bengtsson et al., 2017; Müller et al., 2017; Seity
et al., 2011).

A 3D-Var assimilation is utilized for the upper air data, with data from for example surface
synoptic stations, drifting buoys, radiosondes, satellite radiance and radar reflectivity. Surface
data assimilation uses synoptic observations of the temperature at 2 m height, relative humidity
at 2 m height and the snow depth, with sea surface temperatures from the ECMWF-IFS (Müller
et al., 2017).
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For the cloud microphysics a three-class ice parameterization (ICE3) scheme is used, cou-
pled to a Kessler scheme for the warm processes. The ICE3 is a single-moment bulk scheme
and forecasts three solid hydrometeors (cloud ice, snow and a combination of graupel and hail),
two liquid hydrometeors (rain and cloud droplets) and water vapor (Bengtsson et al., 2017; Se-
ity et al., 2011). As HARMONIE-AROME was to be initialized, changes were made to the
ICE3 scheme to mend the too rapid decay of low clouds during cold conditions and the too
abundant ice fog and low clouds during very cold conditions. The modifications improved the
forecasts of low clouds, but also lead to overly frequent fog events due to a too great latent heat
flux and a too low sensible heat flux during winter and spring (Bengtsson et al., 2017; Müller
et al., 2017). Shallow convection in the HARMONIE-AROME model is parameterized with a
eddy diffusivity mass-flux framework, where one or more updrafts transport heat, moisture and
momentum (Bengtsson et al., 2017).

The cloud fraction of a grid box in HARMONIE-AROME is given by a statistical cloud and
condensation scheme, and is in the case of unsaturated grid boxes given by the departure of the
saturation and its variance. The variance comes form the turbulence scheme (Bengtsson et al.,
2017; Müller et al., 2017). The cloud base height is taken as the level where the cloud fraction
exceeds 4 octas (Andrae & Olsson, 2019, personal communication).

The turbulence scheme HARATU (HARMONIE with RACMO Turbulence) was designed
to address issues found in the first versions of HARMONIE-AROME; a too low boundary layer
height, too low cloud base and too much cloud cover and fog. Just like the previous turbulence
scheme, HARATU used a prognostic equation for the turbulent kinetic energy, but has unlike
its precursor different length-scales for heat and momentum and computes fluxes instead of the
variables themselves. The usage of HARATU decreased excessive cloud cover and increased
cloud base height among other things (Bengtsson et al., 2017), and due to more mixing in the
boundary layer fog and clouds were more efficiently dissolved (Bergholt & Andrae, 2016).

The surface scheme of HARMONIE-AROME is called SURFEX (Surface Externaliseé),
and simulates the exchange of heat and moisture between the surface and the atmosphere. The
surface is divided into four different tiles; land, sea, lake and urban areas. The land tile can
be divided into 12 different vegetation types (Homleid & Tveter, 2019). Short wave and long
wave radiation are parameterized with separate schemes (Bengtsson et al., 2017).

The visibility in HARMONIE-AROME is calculated using Equation 2 with ε = 0.02. The
extinction coefficients of cloud water, cloud ice, rain water, snow and graupel are estimated
by Equation 1 with different constants for the five hydrometeor types. See Table 1 for the
formulas used. If the hydrometeor concentrations are all zero, then the visibility is given by
a weighted combination of the relative humidity and an estimation of the cloud concentration
nuclei, known as the pseudo cloud water content (Andrae & Olsson, 2019, personal commu-
nication). Monthly aerosol climatologies are used and updates to incorporate real-time aerosol
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data from CAMS are considered (Bengtsson et al., 2017).
For a more detailed description of each parameterization and the model dynamics, the reader

is referred to Bengtsson et al. (2017), Müller et al. (2017) and Seity et al. (2011).

2.5 ECMWF-IFS

The ECMWF-IFS is a global NWP model provided by the European Centre for Medium-Range
Weather Forecasts. The current model used for the short-range verification in this study runs at
cycle 46r1 and operates at a horizontal resolution of 9 km. The lowest model layer is located
at approximately 10 m height, with a discretization of approximately 20-100 in the lowest
kilometer of the atmosphere, and the model top at 0.01 hPa (ECMWF, n.d.a; ECMWF, n.d.b).
In the vertical a hybrid-sigma coordinate is used (ECMWF, 2017). ECMWF-IFS employs a
4D-Var system, with information from for example SYNOP stations and satellites (ECMWF,
2019a).

Clouds and cloud microphysics in the ECMWF-IFS are parameterized using prognostic
equations for the cloud liquid, cloud ice, rain and snow, along with the fractional cloud cover.
The scheme is based on the Tiedtke scheme, but precipitation can be advected by the wind and
the prognostic variables of the cloud liquid and ice water content are independent of each other.
The bulk mass-flux convection scheme parameterizes deep, mid-level and shallow convection.
Cloud base height is in the ECMWF-IFS defined as the height of the model layer where 10−6

kg/kg of the total condensate and/or 1% cloud fraction is exceeded (ECMWF, 2019b). The
cloud base height form the ECMWF-IFS is not to be confused with the ceiling, introduced in
late 2016 mainly for the sake of aviation forecasts, where the lowest cloud fraction must exceed
4 octas (ECMWF, 2016). The ceiling is what is used as the cloud base height in this study.

Turbulence is parameterized with a first order K-diffusion closure using the Monin-Obukhov
similarity theory in the layers closest to the ground. In unstable boundary layers the Eddy-
Diffusivity Mass-Flux framework is implemented and elsewhere a K-diffusion turbulence clo-
sure (ECMWF, 2019b).

Since 2015 ECMWF-IFS has produced visibility forecasts linked to fog, precipitation and
humidity. The visibility is calculated by taking the extinction coefficient as the sum of that
from the air, aerosols, clouds and precipitation in Equation 2, with ε = 0.02. The extinction
coefficient of the air is small and set to equal a visibility of 100 km (βair = − ln(ε)/105). The
combined extinction coefficient for clouds and precipitation is given from the grid-box mean
values of cloud liquid water, cloud ice, rain and snow and their extinction coefficients following
the form of

β = LWC(a0 + a1/D) (4)

where D is the effective radius of the particle size distribution. D and the coefficients a0, a1
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are assumed constant for each particle type (ECMWF, 2019b). See Table 1 for each formula.
The ECMWF-IFS visibility product is reported to form too dense radiation fog, that arise too
slow and decay too quick, to under-represent hill fog and to perform badly in precipitation,
especially snow fall. In 2017 a new CAMS aerosol climatology was implemented (Owens &
Hewson, 2018) and the extinction coefficients of the aerosols where made dependent on the
relative humidity (Magnusson, 2019, personal communication).

The ground is divided into four tile types; vegetation, soil, snow and open water, with four
different soil layers. Snow mass and density is also accounted for. Radiation is parameter-
ized in shortwave and longwave fluxes (ECMWF, 2019b). For a more detailed description of
the ECMWF-IFS model and its previous and latest updates, the reader is referred to the IFS
documentation at ECMWF (n.d.c).

2.6 WRF

The WRF model is used both in forecasting and research and was developed by the National
Center for Atmospheric Research and the National Oceanic and Atmospheric Administration,
among others (UCAR, 2019). The user of the WRF model can choose between multiple pa-
rameterization schemes and resolutions (NCAR, 2017).

The WRF model (version 3.9.1.1) operational at the SAF, that is used in this study and
decribed below, operates at a horizontal resolution of 3 km, with 45 vertical levels. The first
vertical level is located at approximately 30 m altitude and within the 3D-Var assimilation only
synoptic observations and soundings are used (Svensson, 2019, personal communication). It is
initialized with data from the ECMWF-IFS HRES (High Resolution) model regarding winds,
temperature, skin temperature and specific humidity. Clouds are produced by WRF in the spin
up (Hagman et al., 2020). The following schemes described are utilized in this study.

The surface is modeled by the Unified NOAH land surface model, that interacts with the
lower atmosphere by heat and moisture fluxes through collaboration with the radiation, surface
layer, microphysics and convective schemes. The soil of the NOAH land surface model is
divided into four layers, for which the temperature, moisture and fluxes are calculated (Weston
et al., 2019). The PBL is modeled by a YSU (Yonsei University) PBL-scheme, with nonlocal
turbulent mixing and an entrainment at the top of the PBL that is treated explicitly (Hong et
al., 2006). Turbulence is parameterized within the surface layer by a revised fifth-generation
Pennsylvania State University–National Center for Atmospheric Research Mesoscale Model
(MM5) parameterization scheme, based on the Monin Obukhov theory (Jiménez et al., 2012).

Cloudiness is given by the maximum value from the microphysics and convection param-
eterization scheme. The Thompson microphysics scheme utilizes a bulk parameterization. It
is both a single-moment and a double-moment scheme, since the mixing ratios of cloud water,
rain, cloud ice, snow, and graupel are explicitly forecasted, as is the number concentration of
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cloud ice. The scheme is designed to as much as possible resemble a full higher order scheme,
by for example using techniques from spectral or bin microphysical schemes for processes
where this is possible (Thompson et al., 2008). The Kain-Fritsch convection parameterization
scheme is a mass flux parameterization. To diagnose instability, potential cloud growth and
the properties of the convective clouds, a Lagrangian parcel method is used. The scheme in-
cludes algorithms to simulate and account for the effects of updraft, downdraft, detrainment
and entrainment, and to calculate CAPE (Kain, 2004). The cloud base height is taken as the
lowest level where the cloud fraction exceeds the limit of 0.8 (Svensson, 2019, personal com-
munication). For thorough descriptions of all the schemes, the reader is referred to the stated
references.

The WRF model setup used by SAF is reported to produce long-lived, widespread, artificial
clouds at the lowest model level when stably stratified conditions prevail and the ground is
covered with snow. Hagman et al. (2020) showed that the cause of this insufficiency is not due
to the parameterizations, but rather the initialization of stratocumulus clouds; since no clouds
are initially present in the model, the downwelling longwave radiation is too small and the skin
temperature falls too fast, causing very low clouds to form before the model has been able to
produce the stratocumulus clouds. When using cloud water and cloud ice from the ECMWF-
IFS HRES and vertical soundings in the initialization, and increasing the relative humidity
where a certain cloud water limit was exceeded, no artificial clouds where formed and the
forecasts improved (Hagman et al., 2020).

The visibility in the WRF model is calculated by Equation 2 with ε = 0.02 and the extinc-
tion coefficient as the sum of the extinction coefficients from cloud water, rain water, cloud
ice, snow, and a small background extinction coefficient. See Table 1 for the formulas. An
additional calculation of visibility accounts for when the relative humidity is high;

Vis = 7500(105−RH)/(1000q) (5)

where RH is the relative humidity and q is the vapor concentration with a maximum concen-
tration of 0.005 kg/kg, both at 2 m height. This visibility reduction due to haze is used when
its visibility is lower than the visibility from the hydrometeors. No data regarding aerosols are
used for the visibility parameterization (Svensson, 2019, personal communication).

In Table 1 the properties and parameterizations of cloud base height and visibility of the
three models are summarized.
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Table 1. Properties of HARMONIE-AROME, ECMWF-IFS and WRF, with their respective parameterizations of
cloud base height and visibility. CF is the cloud fraction and the indicies on the extinction coefficients (tot, cw,
ci, rw, s and g) stand for total, cloud water, cloud ice, rain water, snow and graupel. C is the LWC or IWC. (*In
this study the resolution of the ECMWF-IFS data is postprocessed to a horizontal resolution of 2.5 km. †(Andrae
& Olsson, 2019, personal communication; ECMWF, 2019b; Svensson, 2019, personal communication))

HARMONIE-AROME ECMWF-IFS WRF
Horizontal resolution 2.5 km 9 km* 3 km

1st model layer 12 m 10 m 30 m

Cloud base height limit CF ≥ 0.625 CF ≥ 0.625 CF ≥ 0.8

Visibility Vis = − ln(0.02)/βtot Vis = − ln(0.02)/βtot Vis = − ln(0.02)/βtot

Extincition coefficient† βcw = 144.7C0.88 βcw = C(0.027 + 1.32/10) βcw = 144.7C0.88

βci = 163.9C1.00 βci = C(−9.45 · 10−5 + 2.52/60) βci = 327.8C1.00

βrw = 1.1C0.75 or 2.5C0.75 βrw = C(0.027 + 1.32/1000) βrw = 2.24C0.75

βs = 10.4C0.78 βs = C(−9.45 · 10−5 + 2.52/2000) βs = 10.36C0.7776

βg = 2.4C0.78

3 Methodology

3.1 Data

Observation data distributed by SMHI of the cloud base height and visibility is taken from 31
automatic SYNOP stations in Sweden. The locations of the stations are shown in Figure 1.
The stations are divided into northern inland, northern coastal, middle, southern, and southern
coastal regions. See Appendix 1, Table 18 for a complete list of the stations. More stations are
used from the south of Sweden than from the north, which may affect the results.

The cloud base height observations included are those with a cloud cover of at least 5 octas.
All observation data reported as ”no clouds detected” and ”no significant clouds” and all model
data reported as ”no clouds” are neglected and treated as missing data, due to the detection
limits of the observation instruments and the format of the model data.

A long-range verification is performed on HARMONIE-AROME (and ECMWF-IFS as a
comparison) using data from the single most adjacent grid point to each station for the period
November 2015 to October 2019, with lead times +1h, +6h, +12h, +18h and +24h from the
00Z and 12Z runs. The time period, stations and grid points used are chosen based on the lim-
ited amount of data available and so that four entire years are covered. The changes performed
on HARMONIE-AROME during the period of the long-range verification are presented in Ap-
pendix 2, Table 19. Among the changes are assimilation and postprocessing updates, correction
to the microphysics and gustiness, and larger model updates.

A short-range verification is conducted using data from HARMONIE-AROME, ECMWF-
IFS and WRF, with the parameterizations and model setup previously described. The data is
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distributed by SMHI and SAF, from model runs performed at 00Z and 12Z for the months
of November and December 2019 and January 2020. The prognosis lengths used are +1h,
+3h, +6h, +9h, +12h, +18h, and +24h. The ECMWF-IFS data is interpolated and rotated, and
the temperature postprocessed, to match the HARMONIE-AROME resolution, rotation and
finer orography. Both HARMONIE-AROME and ECMWF-IFS data thereby come in 2.5 km
resolution. The verification uses the grid point closest to each station. A maximum visibility is
set to 20 km and a maximum cloud base height to 3 km (100 hft), to avoid an unjust comparison
as the three models forecast different maximum values. Two case studies are also executed.

An additional verification from late December 2019 to January 2020 is performed, using the
mean of a cluster of the most adjacent grid points to each station. For HARMONIE-AROME
and ECMWF-IFS the cluster consists of the 16 most adjacent grid points, and for WRF, with
a horizontal resolution of 3 km, the 9 most adjacent grid points. The usage of more than the
single most adjacent grid point is done to investigate how the number of grid points affect the
verification result, and also to account for the spatial representativness of the point measured
observations and the grid-box model data. The verification results from using multiple grid
points are compared to the results from using only the most adjacent grid point and using the
most accurate grid point within the cluster for each time step.

Figure 1. The SYNOP stations used in the verification. The color of the stations show the regions they are divided
into. Stations circled in white are used in the case study, from north to south; Kiruna Airport, Stockholm-Arlanda
Airport, Göteborg-Landvetter Airport and Växjö.
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3.2 Verification methods

The NWP model data is verified against observation data from the SYNOP stations using sta-
tistical verification methods. From this the performance of the forecasts can be evaluated.

In the long-range verification of HARMONIE-AROME, the verification values are evalu-
ated for each month and each station, as well as for each interval in between model changes
of HARMONIE-AROME. In the short-range verification of all three models, the values are
evaluated for each 2 day period.

The verification is performed by regarding the visibility and cloud base height as both con-
tinuous and discrete variables.

3.2.1 Continuous verification methods

The mean error (ME) is a measure of the systematic error of the forecasts and is defined as

ME =
1

n

n∑
i=1

(fi − oi) (6)

where n is the number of forecasted values, and fi and oi are the forecasted and the observed
values respectively. The mean error can take on any value and has an optimal score of 0. A
negative mean error represents under-forecasting, where the model forecasts lower values than
the observations report, and inversely for positive mean error and over-forecasting.

The mean absolute error (MAE) measures the absolute systematic error. It has an optimal
score of 0 and is defined as

MAE =
1

n

n∑
i=1

(|fi − oi|) . (7)

The correlation coefficient (Cor) gives a measure of the correlation between the forecasts and
the observations. It can range from -1 to 1, with 1 being the optimal score, and is defined as

Cor =
1
n

∑n
i=1

(
fi − f̄

)
(oi − ō)

σfσo
(8)

where f̄ and ō are the mean values of the forecasts and observations, and σf and σo are the
standard deviations.

3.2.2 Discrete verification methods

By treating the cloud base height and visibility as discrete variables, the hit rate (HR), false

alarm rate (FAR) and missing rate (MR) can be evaluated.
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The skill score verification is summarized by the contingency table below, Table 2. If an
event, such as visibility or cloud base height below a given threshold, is both forecasted and
observed, it is denoted as a (hit). b (false alarm) represents the number of events forecasted
but not observed, c (miss) is the number of events observed but not forecasted and d (no event)
denotes events neither forecasted nor observed. The forecasts are tested against the TAF limits
used by SMHI presented in Table 3.

Table 2. Contingency table for the skill score verification.

Event observed
Yes No

Event forecasted
Yes a b

No c d

The hit rate is defined as

HR =
a

a+ c
, (9)

in other words; the total number of hits divided by the total number of observed events. The hit
rate ranges from 0 to 1, with an optimal score of 1, and gives a value of how well the forecasts
match the intervals of the TAF limits.

The false alarm rate describes how often the forecasts are within a too low visibility or cloud
base height interval compared to the observations, by dividing the total number of forecasted
but not observed events with the total number of forecasted events. It is defined as

FAR =
b

a+ b
, (10)

and ranges from 0 to 1, with an optimal score of 0.
The missing rate has the same range and optimal score as the false alarm rate, but gives a

measure of how often the forecasts predict a too high visibility or cloud base height interval,
and is defined as the total number of missed events divided by the total number of observed
events; (Homleid & Tveter, 2019; Huang & Zhang, 2017)

MR =
c

a+ c
, (11)

and is by definition related to the hit rate by HR = 1 − MR. In tables presented in coming
sections, the hit rate is therefor excluded.
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Table 3. TAF limits for visibility (in [m]) and cloud base height (in both [m] and [ft]) used by SMHI (SMHI,
2018b).

Visibility [m]
150 350 600 800 1500 3000 5000

Cloud base height [m (ft)]
30 60 150 300 450

(100 200 500 1000 1500)

4 Results

The long-range verification of HARMONIE-AROME from November 2015 to October 2019
is presented in section 4.1. A verification of ECMWF-IFS is shown as a comparison. The
short-range verification from November 2019 to January 2020 of all three models is presented
in section 4.2, and a comparison between using the nearest grid point, the best grid point and
the mean from the cluster, from late December 2019 to January 2020, is also presented.

The verification is performed using all data, as well as data sets only consisting data points
with observed fog, mist, low clouds, middle clouds and low to middle clouds. Low clouds are
defined as having cloud bases below 2 km (65 hft) and middle clouds as having bases at a height
of 2-6 km (65-200 hft). In the verification of fog, observation data above 1 km and model data
above 1.5 km is neglected. For mist these limits are 10 km and 12 km, for low clouds 2 km and
2.3 km, and for low-middle clouds 3 km and 3.7 km. For middle clouds observation data below
2 km and model data below 1.7 km, and observation data above 6 km and model data above
6.7 km are neglected. The use of different limits for observation and model data is to capture
possible over- and under-forecasting.

In figures, HARMONIE-AROME is abbreviated as ar, ECMWF-IFS as ec, WRF as wr and
observation data as obs. The visibility is abbreviated as vis and the cloud base height at cbh.

4.1 Long-range verification of HARMONIE-AROME

4.1.1 Visibility

A time series of the mean error of the visibility forecasts from HARMONIE-AROME is shown
in Figure 2, with lead times +6h and +24h, using all data. Model changes are shown by the
dotted lines, where changes close to each other in time are displayed as one single change.

The two different lead times give very similar results, but the +24h lead time on average
performs better than the +6h lead time. This may be due to that the +24h lead time forecasts
midnight (for the 00Z run) and noon (for the 12Z run). The forecasts for noon on average
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perform better than the forecasts for other times of the day, possibly due to that the visibility
itself has a diurnal cycle with on average lowest visibility during night and especially morning
hours, and the highest in the afternoon. Hence lead times +6h and +18h perform the worse
as they always forecast the more difficult dusk or dawn. (See Appendix 2, Figure 30 for plots
of the mean error as a function of the forecasted time of day for HARMONIE-AROME.) This
diurnal cycle of the mean error is present in the fog data set, but not when considering only
data below 10 km. Overall the prognosis length does not have any large impact on the size
of the error, possibly due to the relatively short lead times investigated. The same pattern as
observed for HARMONIE-AROME, with an even worse mean error for lead times +6h and
+18h, is visible in the mean error of ECMWF-IFS, but not as large.

The mean error for all data and mist data of HARMONIE-AROME is almost constantly
below zero, see Table 4. This is also shown in Figure 2 and in Figure 3, where the mist mean
error in between each model change is presented for each station, and in Figure 4, where the
observation and model data from Ronneby-Bredåkra is presented and a high degree of under-
forecasting is visible. Hence HARMONIE-AROME on average forecasts too low visibility.
Along the coast, especially the southern, the model preforms better than inland, possibly due
to less complex terrain. The worst mean errors are found in the northern inland. When only
considering mist data, the south performs relatively bad as well. The mean error of occasions
with fog is positive for all regions, with best results in the middle and south. The mean absolute
errors are of similar sizes for all regions and each data set, showing that the seemingly better
forecasts in the south and along the coasts are mainly due to cancellation of negative and pos-
itive mean errors. In Table 4 the mean number of times the model forecasted over its fog/mist
limit while the observations reported fog/mist is also presented, giving a value of how often the
model highly over-forecasts. Seen to occasions with mist, the south and south coast performs
the worst, while seen to occasions with fog the north inland performs the worst.

Even though the mean error is largely negative and considering all data on average under
-10 km, the hit rate is close to 1 and the missing rate close to 0. This is due to the relatively
low upper TAF visibility limit of 5000 m. When removing this upper limit from the values of
a (in other words; ignoring when both observations and model forecasts are larger 5000 m),
the hit rate of HARMONIE-AROME drops from an average of 0.94 to 0.25, the missing rate
increases from an average of 0.06 to 0.75, and the false alarm rate increases from an average
value of 0.18 to 0.90.

There is no significant forecast improvement for any of the stations over time, which is
evident in both Figure 2 and Figure 3. In Appendix 2, Figures 25-26 the mean errors of each
station in between each model change are presented, using occasions with fog and all data. The
quality of the visibility forecasts is instead linked to the seasons, as shown by for example the
skill scores in Figure 5. During summer months the forecasts are more accurate, possibly due
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to the more favorable conditions during winter, autumn and spring for visibility reduction. This
seasonal dependence is also visible in Figure 2, especially in the northern regions.

The correlation coefficients does not improve over the investigated time period. It ranges
from approximately 0.3 to 0.5 using all data. In Table 5 the correlation coefficients of each
data set divided into each region are presented. Seen to all data and mist data, the correlation is
better for the southern parts of Sweden and along the coast, than further north and inland. For
fog the correlation is best in the northern inland. No clear seasonal variation of the correlation
coefficient is evident.

ECMWF-IFS (shown in dashed lines in Figure 2 and in Appendix 2, Table 20) has an overall
better mean error and mean absolute error than HARMONIE-AROME seen to when using all
data and when using only mist data. When only using fog data, HARMONIE-AROME is
on average better. The skill scores of ECMWF-IFS are close to the scores of HARMONIE-
AROME.
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Figure 2. The mean error of visibility from HARMONIE-AROME, November 2015 to October 2019, for lead
times +6h in blue and +24h in green, taken as the mean over each regional group of stations. The values given
in the upper left corners are the means over all lead times. The mean error from the ECMWF-IFS, taken as the
mean of all lead times, is displayed in black dashed lines. The letters A, B, ... OPQ and the corresponding vertical
dotted lines show the HARMONIE-AROME model changes (see Appendix 2, Table 19).

Table 4. The mean error and mean absolute error of the HARMONIE-AROME visibility forecasts, for fog, mist
and all visibility data, taken as the mean of all stations over the whole time period verified. The counts show the
mean number of times that the model forecasted > 1.5 km and > 10 km, while the observations reported < 1 km
and < 10 km respectively.

ME [km] MAE [km] Counts over
< 1 km < 10 km All < 1 km < 10 km All < 1 km < 10 km

Total 0.030 -0.70 -11 0.37 3.0 17 176 216

North inland 0.065 -1.0 -19 0.39 3.0 17 229 186

North coast 0.089 -0.44 -8.8 0.38 3.2 16 148 155

Middle 0.001 -0.88 -14 0.36 3.0 17 147 164

South 3·10-4 -1.1 -13 0.40 2.9 18 147 349

South coast 0.003 -0.33 -2.9 0.39 2.6 16 218 526
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Figure 3. The mean error of the mist visibility forecasts from HARMONIE-AROME, taken as the mean of all
lead times, for all 31 stations and the time periods defined by the model changes (see Appendix 2, Table 19). The
upper left map, named 0, shows the mean error before model change A. No data is available for stations marked
with a white cross.
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Figure 4. Visibility model data (with a lead time of +6h) and observation data from Ronneby-Bredåkra, May 2017
to May 2018 (upper graph) and May 2018 to May 2019 (lower graph). The grey lines show all model data values
and the blue dots show the model data for times where the red dotted observation data exists.

Figure 5. The monthly variation of the hit, missing and false alarm rate for the visibility forecasts from
HARMONIE-AROME, taken as the mean of all lead times. The dashed lines correspond to the skill scores
when model and observation data > 5000 m is excluded from a (hits).

Table 5. Correlation coefficient from the HARMONIE-AROME visibility forecasts, taken as the mean from all
five lead times and stations.

Cor
< 1 km < 10 km All

Total 0.18 0.23 0.43

North inland 0.24 0.16 0.36

North coast 0.13 0.18 0.46

Middle 0.16 0.19 0.38

South 0.19 0.27 0.44

South coast 0.18 0.30 0.48
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4.1.2 Cloud base height

In Figure 6 the mean error of the low-middle cloud base height from HARMONIE-AROME is
shown, along with the counts of over-forecasting and each model change. The mean errors and
mean absolute errors for the different cloud base height limits are presented in Table 6. The
overall positive mean errors show that the models too often produce too high clouds. When
regarding middle clouds and all cloud heights, the mean error is seen to differ little between
coastal and inland stations. For low and low-middle clouds, the north inland has a very good
mean error due to positive and negative mean error cancellation, since the mean absolute error
is of a similar size as the mean absolute error for the rest of the regions.

The prognosis length of HARMONIE-AROME does not have any large impact on the size
of the mean error, nor worsen as lead time increases. There is instead a small diurnal cycle of
the mean error, with the best mean error during morning and the worst during the evening. See
Appendix 2, Figure 31 for plots of the mean error as a function of the forecasted time of day for
HARMONIE-AROME. This diurnal cycle is reversed when only using low cloud base heights
and is not evident when investigating middle level cloud base heights.

Only seen to the low and low-middle clouds, the mean error shifts from being mainly nega-
tive for all stations to being mainly positive at model change C, see Figure 6 (also shown in the
maps of low and low-middle clouds in Appendix 2, Figures 27-28). Model change C, an update
to cycle 40h1.1 and introduction of HARATU, was reported to reduce the over-forecasting of
low level clouds (Bergholt & Andrae, 2016). This smaller amount of low level clouds at the
same time lead to an over-forecasting of the cloud base height. The mean absolute error after
model change C is larger (∼ 50 m) than the mean absolute error before and the cloud base
height forecasts therefor deteriorated at model change C.

The maps in Figure 7 of the mean error after each model change for each station, shows
a drastic increase in the mean error at model change H for almost all stations. This over-
forecasting is also evident in the counts of Figure 6, and in Figure 8 where the model data is
seen to be much too high compared to the observation data from approximately July 2017 to
January 2018. The model did not produce as much high clouds during the corresponding time
period the following year. Between July 2017 to January 2018 the mean error peaks with values
mainly ranging from 2400 m (80 hft) to 3700 m (120 hft).

The start of the mean error peak coincides with model change G, where updates were made
in the postprocessing and in the assimilation of data, with an increase in the number of radars
and stations used. The inital state of the humidity was improved, with a small improvement on
cloud cover forecast over Denmark and Finland. The postprocessing update mainly concerned
the height of the 0-degree isotherm (Bergholt & Andrae, 2017a). Non of the changes made at
G are found to cause the drastic over-forecasting of cloud base height, and model change H
mainly affected the ensemble forecast system and introduced a new HPC (high-performance
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computing) (see Appendix 2, Table 19). At the time of the peak, no verification was performed
on the cloud base height by SMHI and the cause of it remains unknown.

The mean error returned to normal values at K, where a large upgrade was made of the
model. This upgrade resulted in a desirable increase of cloud amount, and also resolved the
over-forecasting. The skill scores were unaffected, possibly due to the relatively low upper
TAF limit of 460 m (1500 ft). The aforementioned mean error peak is also not seen when only
looking at middle level clouds, shown in Appendix 2, Figure 29.

Despite this mean error peak in HARMONIE-AROME, ECMWF-IFS on average performs
slightly worse and has a comparable number of counts over each cloud limit, see Appendix 2,
Tables 21-22.

The skill scores show a seasonal variance, see Figure 9, due to the on average higher cloud
base heights during the summer months. The hit rate has an average value of 0.69, and de-
creases to 0.23 when the upper TAF limit is neglected. The average value of the missing rate
is 0.31, and 0.77 without the upper limit. The false alarm rate increases from 0.20 to 0.62
without the upper limit. For ECMWF-IFS the skill scores very much resemble the skill scores
of HARMONIE-AROME.

The cloud base height correlation coefficients are presented in Table 8, with approximate
values from 0.2 to 0.5. The correlation of HARMONIE-AROME and ECMWF-IFS resemble
each other with a seasonal dependence; during spring and summer the correlation increases.
No improvement due to model changes in the correlation coefficients is apparent.
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Figure 6. The mean error of low-middle level cloud base heights from HARMONIE-AROME in blue, November
2015 to October 2019, taken as the mean over all lead times and each regional group of stations. The black crosses
show the number of counts when the model forecasted a cloud base above 3.7 km while the observed value was
below 3 km. The mean error from the ECMWF-IFS is displayed in black dashed lines and the counts in grey
dots. The letters A, B, ... OPQ and the corresponding vertical dotted lines show the HARMONIE-AROME model
changes (see Appendix 2, Table 19).
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Table 6. The mean error and mean absolute error (in [km]) of the HARMONIE-AROME cloud base height
forecasts, for low clouds, low-middle clouds, middle clouds, and all clouds, taken as the mean of all stations over
the whole time period verified.

ME [km] MAE [km]
< 2 km < 3 km 2-6 km All < 2 km < 3 km 2-6 km All

Total 0.12 0.16 0.46 0.91 0.36 0.49 1.0 1.3

North inland 0.023 0.063 0.50 0.80 0.31 0.40 1.0 1.1

North coast 0.13 0.16 0.47 0.84 0.40 0.55 0.99 2.1

Middle 0.12 0.15 0.35 0.94 0.36 0.51 1.1 1.7

South 0.12 0.17 0.64 0.87 0.31 0.41 1.1 1.0

South coast 0.16 0.19 0.45 1.0 0.36 0.45 1.1 0.84

Table 7. The counts over/under of the HARMONIE-AROME cloud base height forecasts, showing the mean
number of times that the model forecasted over/under limits of 2.3 km, 3.7 km, and 1.7 km-6.7 km, while the
observations reported < 2 km, < 3 km and 2-6 km respectively.

Counts over Counts under
< 2 km < 3 km 2-6 km 2-6 km

Total 517 453 347 312

North inland 520 454 336 310

North coast 547 487 370 262

Middle 523 452 342 451

South 453 389 301 202

South coast 526 485 367 279
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Figure 7. The mean error of the cloud base height forecasts from HARMONIE-AROME, taken as the mean of all
lead times, for all 31 stations and the time periods defined by the model changes (see Appendix 2, Table 19). The
upper left map, named 0, shows the mean error before model change A. No data is available for stations marked
with a white cross.
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Figure 8. Model data (with a lead time of +6h) and observation data for the cloud base height from Ronneby-
Bredåkra, May 2017 to May 2018 (upper graph) and May 2018 to May 2019 (lower graph). The grey lines show
all model data values and the blue dots show the model data for times where the red dotted observation data exists.

Figure 9. The monthly variation of the hit, false alarm and missing rate for the cloud base height forecasts from
HARMONIE-AROME, taken as the mean of all lead times and stations. The dashed lines correspond to the skill
scores when model and observation data > 460 m is excluded from a (hits).

Table 8. Correlation coefficients from the HARMONIE-AROME visibility forecasts, taken as the mean from all
five lead times and stations.

Cor
< 2 km < 3 km 2-6 km All

Total 0.24 0.24 0.07 0.43

North inland 0.22 0.21 0.15 0.35

North coast 0.23 0.17 0.08 0.45

Middle 0.17 0.21 0.03 0.38

South 0.28 0.33 0.02 0.45

South coast 0.29 0.28 0.10 0.49
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4.1.3 Forecast accuracy as function of wind direction

In Figure 10 and Figure 11 the wind direction distributions are shown for occasions with hits
(a), false alarms (b) and misses (c) using HARMONIE-AROME data with a lead time of +6h,
divided into two regions; the north (north inland and north coast) and the middle-south (middle,
south and south coast). Note that the circular axes have different ranges. The total wind di-
rection distribution and the wind direction distribution with cloud base heights lower than 460
m are presented, and also the relative skill scores divided into regions. As can be seen in the
figures, the wind direction with most occurrences of hits, false alarms and misses is the same as
the dominant wind direction, but the relatively most difficult situations for forecasting the cloud
base height is shown to be when the wind comes from a direction that is not the dominant wind
direction. This is most clearly seen for the northern regions, with relatively many false alarms
and misses in wind from northeast and southeast. Wind from northwest and southwest must for
the northern regions pass the mountain ridge and the air may then become drier and low clouds
more rare, as opposed to air being elevated from lower terrain in wind from the east, causing
more treacherous conditions for low clouds. The same wind direction difficulty is partly also
true for the south, but not as distinctly. Here the winter months are much less accurate than the
summer months, with increased difficulty in wind mainly from the southeast and southwest,
which is also the dominating wind direction in these regions. Small tendencies to difficulties
are as well present in wind from the northeast. Overall there is a large variability between sta-
tions, depending on their locations, and in the mentioned wind directions the relative number
of hits are also high.

In Figure 12 and Figure 13 the skill scores of the visibility forecasts are compared with the
wind directions. Here it is seen that the number of misses have spikes in the wind direction
opposite to the dominating wind direction. For northern stations low visibility most often come
from the south, yet relatively many false alarms and misses occur in wind from the northeast
and southeast. Such wind directions are along the coast prone to produce local showers of snow
or rain and fog due to upwelling of cold water. In the south the relatively most misses occur
from the southeast and false alarms from the southeast and southwest. Just as with the cloud
base height forecasts, these wind directions also have relatively many hits.

As seen in Figure 14 with data from Kiruna Airport, where the skill scores are divided
into months, the model most successfully forecasts low visibility in the dominant north-south
wind direction, while misses often occur with wind from the other directions. The occasions
with a wind speed ≤ 3 m/s are shown in black and the low wind speed can indicate favorable
conditions for radiation fog to form (NOAA, n.d). Many of the misses occur during these wind
speeds, especially during winter months. This could indicate a difficulty in forecasting and
capturing the locality that signifies radiation fog. Although, it should be noted that a large
portion of the hits also occur during these calm wind conditions.
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(a) (b)

Figure 10. Wind direction distribution based on the skill scores of the HARMONIE-AROME cloud base height
forecasts for the northern inland and northern coastal regions. (a) The hits (both including and excluding the upper
limit), false alarms and misses, along with the total wind direction distribution and the distribution when the cloud
base is < 460 m. The semi transparent blue bars shows the wind direction from the model, which is used for the
distribution of the hits, false alarms and misses, and the gray bars the observed wind directions. (b) The relative
amount of hits (excluding the upper limit), false alarms and misses compared to the total number of wind direction
occurrences for each quadrant, and the total number of counts, divided into each month. Wind direction ≤ 90◦ is
defined as quadrant 1 (Q1), > 90◦ and ≤ 180◦ as Q2, > 180◦ and ≤ 270◦ as Q3 and > 270◦ and ≤ 360◦ as Q4.

(a) (b)

Figure 11. Wind direction distribution based on the skill scores of the HARMONIE-AROME cloud base height
forecasts for the middle, southern and southern coastal regions. (a) The hits (both including and excluding the
upper limit), false alarms and misses, along with the total wind direction distribution and the distribution when the
cloud base is < 460 m. The semi transparent blue bars shows the wind direction from the model, which is used
for the distribution of the hits, false alarms and misses, and the gray bars the observed wind directions. (b) The
relative amount of hits (excluding the upper limit), false alarms and misses compared to the total number of wind
direction occurrences for each quadrant, and the total number of counts, divided into each month. Wind direction
≤ 90◦ is defined as quadrant 1 (Q1), > 90◦ and ≤ 180◦ as Q2, > 180◦ and ≤ 270◦ as Q3 and > 270◦ and ≤ 360◦

as Q4.
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(a) (b)

Figure 12. Wind direction distribution based on the skill scores of the HARMONIE-AROME visibility forecasts
for the northern inland and northern coastal regions. (a) The hits (both including and excluding the upper limit),
false alarms and misses, along with the total wind direction distribution and the distribution when the cloud base
is < 5000 m. The semi transparent blue bars shows the wind direction from the model, which is used for the
distribution of the hits, false alarms and misses, and the gray bars the observed wind directions. (b) The relative
amount of hits (excluding the upper limit), false alarms and misses compared to the total number of wind direction
occurrences for each quadrant, and the total number of counts, divided into each month. Wind direction ≤ 90◦ is
defined as quadrant 1 (Q1), > 90◦ and ≤ 180◦ as Q2, > 180◦ and ≤ 270◦ as Q3 and > 270◦ and ≤ 360◦ as Q4.

(a) (b)

Figure 13. Wind direction distribution based on the skill scores of the HARMONIE-AROME visibility forecasts
for the middle, southern and southern coastal regions. (a) The hits (both including and excluding the upper limit),
false alarms and misses, along with the total wind direction distribution and the distribution when the cloud base
is < 5000 m. The semi transparent blue bars shows the wind direction from the model, which is used for the
distribution of the hits, false alarms and misses, and the gray bars the observed wind directions. (b) The relative
amount of hits (excluding the upper limit), false alarms and misses compared to the total number of wind direction
occurrences for each quadrant, and the total number of counts, divided into each month. Wind direction ≤ 90◦ is
defined as quadrant 1 (Q1), > 90◦ and ≤ 180◦ as Q2, > 180◦ and ≤ 270◦ as Q3 and > 270◦ and ≤ 360◦ as Q4.
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Figure 14. The number of hits, false alarms and misses for the visibility forecasts with lead time +6h from Kiruna
Airport, depending on the forecasted wind directions, divided into two months intervals. The black bars show
occasions with a wind speed ≤ 3 m/s. The bottom row shows all the full wind direction distribution taken from
the model.
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4.2 Short-range verification of HARMONIE-AROME, ECMWF-IFS
and WRF

4.2.1 Visibility

From November 2019 to Janary 2020 HARMONIE-AROME, ECMWF-IFS and WRF are ver-
ified using the most adjacent grid point to each station. A maximum visibility of 20 km is used
for all models. The counts of over-forecastings are not included, since the time period verified
is relatively short.

As seen in Figure 15, showing the mean error of mist occurrences for all stations, the mean
error of all three models are mainly negative. This is also evident in Table 9. The mean
error turns positive for HARMONIE-AROME and ECMWF-IFS generally only in southern
and coastal stations. The same is valid when considering all data as well, especially in the
southern coastal region where the average mean errors are positive due to too high visibility
forecasts, while WRF has a small tendency to over-forecast in the southern inland. For fog
forecasts, both HARMONIE-AROME and ECMWF-IFS have a widespread over-forecasting.
WRF on the other hand generally under-forecasts. For figures showing the mean error using
fog occurrences and all data, the reader is referred to Appendix 3, Figures 32-33 and for tables
of the average mean error and skill scores for each region see Appendix 3, Table 23.

Considering all data, ECMWF-IFS performs the best, with an average mean error of -1.3 km
as seen in Table 9, and with the most successful false alarm rate. Its missing rate is although
the highest, likely due to its less frequent under-forecasting. Considering only observation data
below 10 km and model data below 12 km, ECMWF-IFS still has the best mean error, while
WRF strongly under-forecasts. When only using observation data below 1 km and model data
below 1.5 km, HARMONIE-AROME is the most successful, with a mean error of 0.13 km.
ECMWF-IFS and WRF have similar sizes of their mean errors, but of opposite sign. The
under-forecasting of WRF, for both occasions with fog and mist, is reflected in the high false
alarm rate of 0.97 (when excluding the upper TAF limit), where HARMONIE-AROME and
ECMWF-IFS have 0.88 and 0.86 respectively. Due to its under-forecasting, WRF has the best
missing rate.

Even though HARMONIE-AROME has the best mean error for occurrences with fog, its
correlation coefficient is close to zero, see Table 10. Overall, ECMWF-IFS has the best cor-
relation, with a drop at the mist forecasts. The relative humidity forecasted by HARMONIE-
AROME, as shown by the mean errors in Table 11, is the most accurate, but on average too
high, which may contribute to the under-forecasting of the visibility. Negative relative humid-
ity mean errors are found for ECMWF-IFS and WRF, where WRF on average forecasts the
lowest relative humidity. The mean absolute error of the relative humidity forecasts is lowest
for ECMWF-IFS.
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Figure 15. The mean error (in [km]) of the mist visibility forecasts from HARMONIE-AROME, ECMWF-IFS
and WRF taken as the mean of all lead times, for all 31 stations and for each month.
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Table 9. The mean error and mean absolute error (in [km]) for fog, mist and all data points, and the false alarm and
missing rate, both excluding and including the upper limit of 5 km, of the HARMONIE-AROME, ECMWF-IFS
and WRF visibility forecasts.

ME [km] MAE [km]
< 1 km < 10 km All < 1 km < 10 km All

HA-AROME 0.13 -0.93 -2.6 0.39 2.9 5.4

ECMWF-IFS 0.36 -0.53 -1.3 0.43 3.0 5.0

WRF -0.40 -3.2 -2.2 0.50 3.9 5.5

FAR MR
< 5 km All < 5 km All

HA-AROME 0.88 0.27 0.70 0.12

ECMWF-IFS 0.86 0.24 0.74 0.14

WRF 0.97 0.36 0.82 0.11

Table 10. The average correlation coefficients for HARMONIE-AROME, ECMWF-IFS and WRF visibility fore-
casts, using only occasions with fog, mist, as well as with all data points.

HA-AROME ECMWF-IFS WRF
< 1 km -0.01 0.36 0.23

< 10 km 0.20 0.18 0.14

All 0.46 0.43 0.41

Table 11. The mean error (in [%]), mean absolute error (in [%]) and correlation coefficients of the relative
humidity forecasts of the HARMONIE-AROME, ECMWF-IFS and WRF.

HA-AROME ECMWF-IFS WRF
ME [%] 0.19 -0.27 -1.0

MAE [%] 5.3 4.9 6.5

Cor 0.61 0.60 0.54
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4.2.2 Cloud base height

For the cloud base height verification from November 2019 to January 2020, a maximum value
of 3 km (100 hft) is used due to different maximum cloud base height value from the models;
all values above 3 km is hence set to 3 km.

The maps in Figure 16 show the mean error using all data for all stations and all three
models. It is seen that all models mainly over-forecast, which is also made clear in Table 12.
HARMONIE-AROME has the highest mean errors, while WRF is closest to zero. For all five
regions and for all cloud base heights, WRF produce the most successful forecasts seen to the
mean error, except for the south where it is closely beaten by ECMWF-IFS. WRF’s mean error
in the northern inland is very small (∼7 m), but as shown by Figure 16, this is not due to very
accurate forecasts, but rather that the negative mean error of the two most northern stations
cancel the positive mean error of one of the more southern stations. The same is true when
considering only low clouds; the small mean error of WRF and of ECMWF-IFS should be
viewed in comparison to the mean absolute error, as shown in Table 12.

The false alarm rate is the lowest for HARMONIE-AROME, due to its over-forecasting,
and is the highest for WRF. The missing rate is on the other hand lowest of WRF. Seen to
the overall skill scores ECMWF-IFS performs better than WRF. The correlation coefficients in
Table 13 show that HARMONIE-AROME has the best correlation and WRF the worst, but the
correlation is low for all models.

For a figure of the mean error of low clouds and tables of the mean errors, mean absolute
errors and skill scores for each region, the reader is referred to Appendix 3, Figure 34 and
Table 24.
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Figure 16. The mean error (in [km] and [hft]) of the cloud base height forecasts from HARMONIE-AROME,
ECMWF-IFS and WRF taken as the mean of all lead times, for all 31 stations and for each month. No data is
available for stations marked with a white cross.
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Table 12. The mean error and mean absolute error (in [km]) for low clouds and for all data points, and the false
alarm rate and missing rate, both excluding and including the upper limit of 460 m, of the HARMONIE-AROME,
ECMWF-IFS and WRF cloud base height forecasts.

ME [km] MAE [km] FAR MR
< 2 km All < 2 km All < 460 m All < 460 m All

HA-AROME 0.17 0.31 0.33 0.70 0.46 0.22 0.77 0.46

ECMWF-IFS 0.06 0.20 0.29 0.65 0.54 0.29 0.69 0.40

WRF 0.001 0.10 0.29 0.64 0.65 0.37 0.68 0.39

Table 13. The average correlation coefficients for HARMONIE-AROME, ECMWF-IFS and WRF visibility fore-
casts, using only occasions with low clouds, as well as with all data points.

HA-AROME ECMWF-IFS WRF
< 2 km 0.34 0.26 0.25

All 0.34 0.34 0.30

4.2.3 Case study

23rd-29th November, Göteborg-Landvetter Airport and Växjö The last week of Novem-
ber multiple fronts approach Sweden from the south. On the 27th a weak ridge of high pressure
covers the northern parts, while the fronts stack up in the south, see Figure 17. The fronts are
accompanied by rain and snow, with reduced visibility and low cloud bases. Leading up to
the 28th, the wind direction at Göteborg-Landvetter Airport (located close to the southwest-
ern coast, see Figure 1) is mainly 100◦-150◦, but then turns to almost northerly, with rain (1-2
mm/h) mainly falling at noon the 28th. The same is true for Växjö (located in the southeast
inland), but the turning of the wind is northwesterly during the 29th and light to moderate rain
falls temporary from the 27th.

The visibility at Göteborg-Landvetter Airport is above 10 km for several days at the begin-
ning of the period as seen in Figure 18, which ECMWF-IFS and WRF successfully captures.
HARMONIE-AROME forecasts lower visibility, approaching mist. The observed reduction
in visibility during the 25th can be found for all models, although several hours late. The low
visibility that follows is best forecasted by ECMWF-IFS and WRF, where the latter almost cap-
tures the temporary visibility increase during the 28th. A strong linkage can be seen between
the visibility and the relative humidity forecasts; as the relative humidity increases, the visibil-
ity decreases, although the models often forecast too low relative humidity. The low cloud base
heights is in the beginning over-forecasted by all models, where ECMWF-IFS is the most suc-
cessful. As the cloud base heights lowers even further, HARMONIE-AROME closely follows
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the observations.
In comparison to Göteborg-Landvetter Airport, Växjö has a visibility that for several days is

observed as below 5 km, that all three models have difficult to fully capture, see Figure 19. The
low visibility is possibly connected to the easterly to southeasterly winds, where the air is forced
to rise over the southern Swedish highlands. The visibility forecast error may be linked to the
error in the forecasted relative humidity; both HARMONIE-AROME and WRF have a too low
relative humidity compared to the observed, although this relative humidity error does not in-
fluence the forecasts at Göteborg-Landvetter Airport. ECMWF-IFS captures the low visibility
in the beginning of the period at Växjö, but increases it during the 24th. On the 26th, all three
models increase their relative humidity and lowers the visibility. Around the 27th of Novem-
ber ECMWF-IFS is most successful in forecasting the visibility, while HARMONIE-AROME
and WRF mainly under-forecasts and over-forecasts the visibility respectively. Even though
ECMWF-IFS has a marginally higher relative humidity the 27th and the 28th, HARMONIE-
AROME forecasts a lower visibility than the former model, which may be due to the resolu-
tions or the visibility parameterizations of the hydrometeors. Concerning the cloud base height
ECMWF-IFS is the overall most successful, as for the Göteborg-Landvetter Airport forecasts.
Leading up to the 27th both HARMONIE-AROME and WRF overestimates the cloud base
height. WRF continues to do so, while HARMONIE-AROME eventually gets a too low cloud
base.
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Figure 17. Analysis of the weather situation over Scandinavia 2019-11-27, 00UTC, provided by SMHI.

Figure 18. Model data of lead time +6h (in solid lines) and observation data (in red circles) from Göteborg-
Landvetter Airport, from 2019-11-23 to 2019-11-29, for the visibility and cloud base height. Included in the
visibility graph are the relative humidity forecasts (in dashed lines) and the relative humidity observations (in red
diamonds).

Figure 19. Model data of lead time +6h (in solid lines) and observation data (in red circles) from Växjö, from
2019-11-23 to 2019-11-29, for the visibility and cloud base height. Included in the visibility graph are the relative
humidity forecasts (in dashed lines) and the relative humidity observations (in red diamonds).
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21st-26th December, Kiruna Airport and Stockholm-Arlanda Airport During the 21st to
the 26th December several fronts and low pressure systems pass Sweden with snow falling in
the north and rain in the south, both of light intensity, see Figure 20, and low wind speeds
mainly from the north. The cloud base height is low in most parts of Sweden and the visibility
reduced. Kiruna Airport is located close to the Scandinavian mountain range (see Figure 1) and
Stockholm-Arlanda Airport close to the west coast and latitude 60◦.

As seen in Figure 21, WRF highly underestimates the visibility at Kiruna Airport, with
values approaching zero. ECMWF-IFS forecasts the visibility very skillfully, despite that the
ECMWF-IFS scheme is said to have difficulty with visibility forecasting in snowfall. After
the 23rd both HARMONIE-AROME and WRF forecasts on average too low visibility. These
two models forecast the relative humidity well in the beginning of the period, but the error
increases towards the end. ECMWF-IFS also predicts the cloud base height the best, where
HARMONIE-AROME and WRF do not give any significant cloud base heights. It should be
noted that close to Kiruna Airport, at Nattavaara (the station south of Kiruna Airport), all three
models forecast too low visibility and much too high relative humidity.

At Stockholm-Arlanda Airport all three models under-forecasts the cloud base height around
the 24th greatly, as seen in Figure 22. Before this they forecast the cloud base height well.
The visibility is also under-forecasted and the relative humidity of HARMONIE-AROME and
ECMWF-IFS over-forecasted. During these days the wind speed is very low, often close to 0
m/s, and might be a reason why the model under-forecasts both parameters.
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Figure 20. Analysis of the weather situation over Scandinavia 2019-12-23, 00UTC, provided by SMHI.

Figure 21. Model data of lead time +6h (in solid lines) and observation data (in red circles) from Kiruna Airport,
from 2019-12-21 to 2019-12-26, for the visibility and cloud base height. Included in the visibility graph are the
relative humidity forecasts (in dashed lines) and the relative humidity observations (in red diamonds).

Figure 22. Model data of lead time +6h (in solid lines) and observation data (in red circles) from Stockholm-
Arlanda Airport, from 2019-12-21 to 2019-12-26, for the visibility and cloud base height. Included in the visibility
graph are the relative humidity forecasts (in dashed lines) and the relative humidity observations (in red diamonds).
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4.2.4 Effect of number of grid points used

A comparison of the verification results from late December 2019 to January 2020 is made with
regard to which grid point is used; the point nearest to the station (n), the point in the cluster
with the best value for each time step (compared to the observation, b) and a mean of the grid
point cluster (mp). For HARMONIE-AROME and ECMWF-IFS this cluster consists of the 16
grid points closest to each station, and for WRF the 9 grid points.

Figure 23 presents a time series of the visibility mean error from the three models, when only
using mist observation data. The previously mentioned poor results of the WRF model using
these limits is noticeable here as well. Its mean error improves when using the best point and
the mean of the cluster, but only slightly. For all models the mean error improves compared to
the nearest grid point when using the mean of the cluster, except for HARMONIE-AROME and
ECMWF-IFS during occasions with fog, see Table 14. This implies that these two models on
average manage to forecast the visibility most accurately at the grid point closest to the station,
but since the best grid point in the cluster has better mean absolute errors than the nearest grid
point, some offset does occur. For the mean errors of the fog forecasts from ECMWF-IFS and
WRF, the best grid point performs worse than the nearest, but seen to the mean absolute error it
does not. The better results of the nearest grid point is hence due to positive and negative mean
error cancellation.

Small improvements can be found in the false alarm rate for all models when using the mean
of the cluster instead of the nearest grid point, as oppose to the missing rate where there is a
small deterioration. This implies that when using the mean of the cluster the visibility forecasts
on average gets a higher value. The skill scores improve significantly when using the best grid
point. In Appendix 4, Tables 25-27 the mean errors, mean absolute errors and skill scores for
each region are presented.

The correlation coefficients shown in Table 15 improve when using the mean of the cluster.
For WRF the correlation mainly remains unchanged.
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Figure 23. The mean error (in [km]) for mist visibility forecasts from HARMONIE-AROME, ECMWF-IFS and
WRF, taken as the mean over all stations and lead times, using the nearest grid point, the best grid point and a
mean of the 16/9 grid points closest to the stations.
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Table 14. The mean error and mean absolute error (in [km]) for fog, mist and for all data points, and the false
alarm and missing rate, both excluding and including the upper limit of 5 km, of the HARMONIE-AROME,
ECMWF-IFS and WRF visibility forecasts, using the nearest grid point, the best grid point and a mean of the 16/9
grid points closest to the stations.

ME [km] MAE [km]
< 1 km < 10 km All < 1 km < 10 km All

HA-AROME

n 0.14 -0.89 -2.5 0.35 2.9 4.9

b 0.12 -0.35 -1.8 0.23 1.9 3.0

mp 0.23 -0.59 -2.1 0.42 2.9 4.7

ECMWF-IFS

n 0.35 -0.53 -1.2 0.39 3.1 4.6

b 0.36 -0.21 -0.77 0.37 2.5 3.7

mp 0.40 -0.34 -1.1 0.43 3.1 4.5

WRF

n -0.42 -3.2 -1.6 0.50 3.9 4.7

b -0.43 -2.5 -1.1 0.48 3.2 3.4

mp -0.39 -2.5 -1.5 0.49 3.9 4.5

FAR MR
< 5 km All < 5 km All

HA-AROME

n 0.88 0.22 0.70 0.09

b 0.69 0.14 0.46 0.06

mp 0.87 0.20 0.72 0.09

ECMWF-IFS

n 0.86 0.20 0.75 0.12

b 0.73 0.15 0.67 0.10

mp 0.85 0.19 0.76 0.12

WRF

n 0.97 0.29 0.80 0.09

b 0.90 0.23 0.55 0.05

mp 0.97 0.25 0.85 0.09
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Table 15. The average correlation coefficients for HARMONIE-AROME, ECMWF-IFS and WRF visibility fore-
casts, using only occasions with fog and mist, as well as with all data points, using the nearest grid point, the best
grid point and a mean of the 16/9 grid points closest to the stations.

HA-AROME ECMWF-IFS WRF
n b mp n b mp n b mp

< 1 km 0.28 0.74 0.55 0.04 0.08 0.14 0.47 0.11 0.47

< 10 km 0.24 0.41 0.24 0.21 0.21 0.21 0.11 0.23 0.11

All 0.46 0.69 0.45 0.39 0.51 0.40 0.43 0.60 0.42

The cloud base height mean error, when using only low cloud with observations below 2 km
and model data below 2.3 km, is presented in Figure 24. In Table 16 the verification results for
all data are also presented.

The mean error of HARMONIE-AROME improves slightly when using the mean of the
cluster, and for ECMWF-IFS the mean error remains relatively unchanged, while the mean
absolute error worsens slightly. WRF has the overall best results. The mean error for low
clouds of WRF for the nearest grid point is better than it is when using the best grid point
(shown in the figure), due to cancellation of positive and negative mean errors; seen to the
mean absolute error, the best grid point is superior to the nearest. For all models the mean
absolute error is worse when using the mean of the cluster than when using the nearest grid
point.

When excluding the upper TAF limit in the false alarm rate, the HARMONIE-AROME and
ECMWF-IFS forecasts get worse when using the mean of the cluster instead of the nearest grid
point. The missing rates are very close to each other, but a small deterioration and a small
improvement can be found for each model respectively. The false alarm rate of WRF on the
other hand improves when using the mean of the cluster, but the missing rate gets worse. When
using the mean of the cluster, the ECMWF-IFS and WRF cloud base height values below 460
m on average become higher. No such trend is visible for HARMONIE-AROME. Considering
all data the skill scores generally improve when using the mean of the cluster and the skill
scores of the best grid point are superior. In Appendix 4, Tables 28-30 the mean errors, mean
absolute errors and skill scores for each region are presented.

In Table 17 the correlation coefficients are shown. The correlation for the mean of the cluster
is generally worse or unchanged compared to the nearest grid point, except for WRF using all
data. As the case of the mean errors and skill scores, the best grid point has the best correlation.
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Figure 24. The mean error (in [km] and [hft]) for occasions with low cloud observations, taken as the mean over
all stations and lead times, of the HARMONIE-AROME, ECMWF-IFS and WRF cloud base height forecasts,
using the nearest grid point, the best grid point and a mean of the 16/9 grid points closest to the stations.

Table 16. The mean error and mean absolute error (in [km]) for low clouds and for all data points, and the false
alarm rate and missing rate, both excluding and including the upper limit of 460 m, of the HARMONIE-AROME,
ECMWF-IFS and WRF cloud base height forecasts, using the nearest grid point, the best grid point and a mean
of the 16/9 grid points closest to the stations.

ME [km] MAE [km] FAR MR
< 2 km All < 2 km All < 460 m All < 460 m All

HA-AROME

n 0.19 0.32 0.33 0.78 0.46 0.22 0.77 0.46

b 0.13 0.20 0.23 0.62 0.25 0.12 0.64 0.35

mp 0.16 0.31 0.35 0.81 0.51 0.20 0.78 0.41

ECMWF-IFS

n 0.08 0.19 0.30 0.73 0.54 0.29 0.69 0.40

b 0.06 0.11 0.24 0.63 0.40 0.21 0.57 0.31

mp 0.08 0.19 0.32 0.75 0.56 0.28 0.68 0.37

WRF

n -0.04 0.06 0.29 0.70 0.65 0.37 0.68 0.39

b -0.04 -0.02 0.24 0.60 0.51 0.29 0.54 0.30

mp -0.006 0.21 0.30 0.82 0.63 0.33 0.71 0.40
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Table 17. The average correlation coefficients for HARMONIE-AROME, ECMWF-IFS and WRF cloud base
height forecasts, using only occasions with low clouds, as well as with all data points, using the nearest grid point,
the best grid point and a mean of the 16/9 grid points closest to the stations.

HA-AROME ECMWF-IFS WRF
n b mp n b mp n b mp

< 2 km 0.35 0.53 0.30 0.28 0.45 0.28 0.28 0.41 0.23

All 0.37 0.52 0.34 0.40 0.52 0.38 0.31 0.47 0.34

5 Discussion

5.1 Long-range verification of HARMONIE-AROME

The long-range verification of HAROMIE-AROME, using the mean error, mean absolute error,
correlation coefficients and skill scores, show that there has been no significant improvement of
the visibility and cloud base height forecasts during the 4 years investigated. This may be due
to that none of the changes to HARMONIE-AROME where specifically directed towards these
two parameters. Improvements on for example the temperature, cloud cover and precipitation
forecasts could theoretically improve the visibility and cloud base height forecasts, but this has
not been the case to a noticeable extent.

Many studies report the difficulties and low skills of NWP models to forecast fog and low
visibility (e.g. Tudor, 2010; Belo-Pereira & Santos, 2016; Zhou et al., 2012), which is evident
in this study as well. Overall HARMONIE-AROME forecasts too low visibility, except for fog
forecasts where the mean error is positive. The mean absolute error of approximately 400 m
for fog forecasts is, based on the TAF limits, relatively large.

Contrary to the visibility forecasts, the cloud base height forecasts from HARMONIE-
AROME are too high for low and middle level clouds, as well as for all cloud types, but just
as for the visibility forecasts no significant improvement due to model changes can be noticed
over the verified period. At an update to cycle 40h1.1, where for example the turbulence scheme
HARATU was introduced, the downwelling shortwave radiation was slightly decreased and the
over-forecasting of low clouds and precipitation was reduced (Bergholt & Andrae, 2016), the
mean error went from being mainly negative to being mainly positive, but with a small worsen-
ing in the mean absolute error. The cause of the increased mean error could be that the update
reduced the over-forecasting of low level clouds. While this update might have improved the
overall cloud forecasts, the cloud base height forecasts suffered.

From approximately July 2017 to January 2018 the forecasts from HARMONIE-AROME
generated more high clouds than normal, leading to the very high mean errors. At the start of
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this large error episode a number of assimilation changes where implemented, with the usage
of more radar stations and more stations for GNSS measurements (Andrae & Olsson, 2019,
personal communication). This change affected the humidity, but not in a problematic way.
In the proximity to the end of this large error episode, a larger model upgrade was conducted
which increased the cloud cover (Bergholt & Andrae, 2017a). None of these changes or any
other model changes close in time to this large error episode can be found to be responsible
for the over-forecasting and its definite cause remains unknown. Since the routinely cloud base
height verification at SMHI started first in June 2018, this model deviation was at the time
undetected (Andrae & Olsson, 2019, personal communication).

The hit, false alarm and missing rate from HARMONIE-AROME is largely dependent on
the seasons, without any improvements due to model changes. The skill scores were also
unaffected by the large cloud base height error episode due to the low upper TAF limit. When
considering all visibility and cloud base height data the skill scores improve during summer.
This may be due to that the visibility and cloud base height in general are higher this time of
year, and low visibility and cloud base height scenarios (< 5 km in visibility and < 460 m in
cloud base height) are more rare. When excluding the upper TAF limit the results are reversed
for the visibility hit and missing rate; low visibility scenarios during summer can be harder to
forecast since fog during summer nights can be very local and short lived (SMHI, 2017c) or be
caused by heavy, local showers of rain, showing the models inability to capture the very local
phenomenon despite the relatively high resolution. Similar trends can be found for the cloud
base height skill scores when excluding the upper TAF limit, although not as evident as for the
visibility.

The relatively most difficult situations to forecast the visibility and cloud base height for
HARMONIE-AROME occurs when the wind direction is not in the prevailing wind direction.
This is most evident in the north, shown by a relative increase in false alarms and misses when
the wind comes from the northeast and southeast. The reason for this may be the drying effect
the Scandinavian mountain range has on westerly winds and the heavy, local rain or snow
showers northerly to easterly winds can produce. For the middle and southern regions the most
difficult wind directions are found to be southeasterly and southwesterly. The mentioned wind
directions, on the other hand, also show a relative increase in the number of hits and this could
contradict that these wind directions would be particularly more difficult.

5.2 Short-range verification of HARMONIE-AROME, ECMWF-IFS
and WRF

The short-range verification of the three models were only verified using 3 months, which
leads to uncertainties since the results obtained may only be representative for the weather
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situations of these months. Neglecting data where no cloud base heights were reported also give
uncertainties in the skill scores; for example observations reported as ”no significant clouds” or
”no clouds detected” while the model reported low clouds, would have contributed to a higher
false alarm rate.

ECMWF-IFS has the best visibility forecasts seen only to the highest visibility ranges,
which may be due to its visibility parameterization and that the aerosols are given by CAMS,
which should provide a more accurate aerosol distribution than a seasonal varying climatol-
ogy. Aerosol modelling mainly affect visibility ranges above 1 km, which could be why
HARMONIE-AROME performs better than ECMWF-IFS in fog, despite its lack of CAMS.
The visibility parameterizations of HARMONIE-AROME are different than those of ECMWF-
IFS (see Table 1), which in combination with the higher horizontal resolution better captures
occasions with fog. The parameterization of WRF is very similar to that of HARMONIE-
AROME, yet WRF produce worse visibility forecasts. The reason for this may be larger rel-
ative humidity error, the lack of aerosol data, the higher height of the first model layer in
WRF, making it harder to capture the low-tropospheric thermal inversions that are important
for fog formation and evolution, and the data assimilation; with only SYNOP and sounding
data the WRF model has low spatial resolution of the observations in the initial data and errors
in ECMWF-IFS HRES model could in the initialization propagate to WRF. In the initializa-
tion of WRF the temperature also sometimes drop too rapidly, causing unrealistic condensation
(Hagman et al., 2020).

HARMONIE-AROME (versions 38h1.2 and 40h1.1) and WRF (version 3.7.1) where com-
pared by Fernández-González et al. (2019), performing a verfication of low visibility episodes
at Tenerife Norte Airport. The relative humidity based visibility parameterization was not the
same as the one in the models of this thesis. HARMONIE-AROME performed better than
WRF, since the latter had higher false alarm and missing rates, which is in agreement with
the results obtained in this study. Fernández-González et al. (2019) also showed that both
HARMONIE-AROME and WRF had difficulty forecasting humidity, even though the dew-
point temperature forecasts gave good results, with a mean error of -1.4◦ and -1.6◦ respectively.
The use of satellites to provide the models with information about the moisture content in the
PBL is by Fernández-González et al. (2019) recommended for nowcasting, as well as to give
information about low level cloud formation.

Another visibility verification was performed by Belo-Pereira and Santos (2016), where
fog forecasts from ECMWF-IFS and the AROME model that is used operationally at Instituto
do Mar e da Atmosfera where compared, during episodes of anticyclonic conditions at Lisbon
Airport. They found that both models underestimated the 2 m relative humidity and that the un-
derestimation was largest for AROME. Overall ECMWF-IFS performed better than AROME,
despite its coarser horizontal resolution. Belo-Pereira and Santos (2016) suggested the reason
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for this was the relative low vertical resolution of AROME (here 16 m), which made it harder
for the model to capture low-tropospheric thermal inversions.

WRF use a different cloud fraction limit for the cloud base height than the other two mod-
els, but the cloud fraction in WRF is binary and the different cloud fraction limit is hence
irrelevant. The most successful cloud base height forecast based on the mean errors and mean
absolute errors are produced by WRF, with ECMWF-IFS close behind, despite that WRF only
uses SYNOP observations and soundings in its 3D-Var assimilation and that no clouds are ini-
tialized into the model. The WRF parameterizations might therefor be superior. The lower
over-forecasting of WRF has caused the false alarm rate to become high, and one should note
that one of the reasons for the very good mean errors of WRF is the cancellation of negative
and positive mean errors. The errors of ECMWF-IFS are very similar to the errors of WRF, but
with better false alarm rate. The false alarm rate is best for HARMONIE-AROME due to its
higher degree of over-forecasting. In general the skill scores are very poor compared to other
studies (e.g. Fernández-González et al., 2019), possibly due to the narrow TAF limits.

All three models use different combinations of parameterizations governing the formation
and evolution of clouds. Even though for example good turbulence and microphysical schemes
should be of importance when forecasting low clouds, Arbizu-Barrena et al. (2015) propose
that the most important aspect in capturing the cloud base height for low level clouds is the
resolution of the model, and that the choice of parameterizations mainly affect the cloud base
height of high cloud and not so much low level clouds. This was shown in an evaluation
of the WRF model, where ceilometer data from Spain was compared with results from six
different microphysical parameterizations schemes (among them the Thompson microphyscis
scheme described in section 2.6) and three different horizontal resolutions. The high level
cloud occurrence was too high for all resolutions, and the low level cloud occurrence too low
for the two finest resolutions (4 and 1.3 km). The mean error for the cloud base height was
lower for low level clouds, than for middle and high level clouds, due to the higher vertical
resolution at lower levels. All model versions produced too low cloud base heights, as they did
in this thesis, except the ones with the highest resolution; there the mean error was negligible
irregardless of parameterization scheme used. The proposed reason for this was that the high
resolution was able to represent the local topography more realistically. The mean errors of the
Arbizu-Barrena et al. (2015) study is slightly worse than the mean errors of the low level clouds
obtained in this study, and despite that HARMONIE-AROME has the highest resolution, it has
the largest mean errors. The parameterizations and assimilation might therefor be as important
as the resolution.

During the two case studies performed, ECMWF-IFS has the most accurate forecasts. For
both of the case studies the low visibility and cloud base heights were due to large scale weather
systems. This could in part explain the accuracy of ECMWF-IFS, along with that the visibility
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seldom fell below 1 km. Which model that gave the most accurate forecasts could vary rapidly
from time to time.

For both HARMONIE-AROME and ECMWF-IFS the mean error of the fog forecasts worsen
when using the mean of a cluster of grid points compared to the nearest grid point. This is not
the case when using mist data, and could be explained by the locality of very low visibility
episodes. Out of the 16 grid points in the cluster, the nearest grid point is on average not the
most accurate. For WRF the mean of the 9 grid points is on average always the most accurate,
irregardless of the data set used. For the cloud base height forecasts the mean error improves
when using a mean of the cluster, for all models and both data sets, but the mean absolute error
becomes slightly worse. Overall the verification results does not depend greatly on which grid
points that are used, but based on how forecast meteorologists operate, the use of multiple grid
points (by taking the mean of them, or choosing for the grid point with the best correlation or
value) might be a more realistic verification approach than simply using the nearest grid point.

5.3 Improvements to forecasts

Essential to the development of operational NWP model is the computational power available
for the forecasts, since higher resolutions and more advanced parameterizations will require
more computations. Apart from the computational resources and the overall forecast accuracy
of for example winds, precipitation, humidity and temperature, visibility forecasts depend on
the parameterizations used. Future improvements in visibility forecasting therefor involve re-
fining the parameterizations of turbulence, cloud microphysics, radiation and the surface (Belo-
Pereira & Santos, 2016; Gultepe et al., 2007), and to incorporate the droplet number concen-
tration into the visibility parameterizations. Relating the droplet number concentration to the
temperature enables the usage of such a parameterization without adding more moments to the
bulk microphysics schemes (Gultepe et al., 2006). The precipitation intensity, and not only the
hydrometeor concentration, is also favourable to take into account (Huang & Zhang, 2017).

Higher vertical and horizontal resolutions of the models are also often described as one of
the most important aspects in the development of visibility forecasts, to be able to capture local
variations of the surface and the processes within the boundary layer (Belo-Pereira & Santos,
2016; Gultepe et al., 2007), along with correct and fine scale aerosol forecasts. The use of
real-time aerosol data from CAMS is promising. Single Column Models have shown positive
results in improving the visibility forecasts and could in the future be used for operational
forecasting (Terradellas & Cano, 2007; Gultepe et al., 2007). An alternative approach is to
develop separate visibility models that uses input data from traditional NWP models to free
computational power.

For cloud base height forecasts, the horizontal resolution of the model is according to
Arbizu-Barrena et al. (2015) the most important parameter, which the results in this thesis con-
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tradicts; HARMONIE-AROME has the highest horizontal and vertical resolution, yet forecasts
the cloud base height the most inaccurate. The parameterizations governing the lowest parts of
the atmosphere are therefor likely to be of as much importance as the resolution, and higher
order turbulence and microphysics parameterization schemes, as well as refined cloud cover
and radiation parameterization could be necessary to improve the forecasts, since the accuracy
of the cloud base height forecasts strongly depend upon the accuracy of the cloud forecasts
themselves. Although, when making model changes, there is often a trade-off to take into
account; new ways of assimilation, parameterization or postprocessing can be favourable for
some parameters and negative for others (Andrae & Olsson, 2019, personal communication).
Since the models rely upon the initial data, the use of satellite data and 4D-Var assimilation is
recommended due to the positive impact it is reported to have on the forecasts (e.g. van der
Veen, 2013; Huang et al., 2009) and to initialize cloud hydrometeors directly into the models
to avoid artificial cloud formation (Hagman et al., 2020).

6 Conclusions

The numerical weather prediction models HARMONIE-AROME, ECMWF-IFS and WRF
have been verified against observation data from 31 SYNOP stations in Sweden, with regard
to visibility and cloud base height from November 2019 to January 2020, with the aim to find
if and why a certain model performs better than the others. HARMONIE-AROME was also
verified using 4 years of data, with the purpose to investigate how model changes may have
improved or worsened the forecasts of the two parameters and if the model struggle in certain
wind directions. The following conclusions can be drawn from the study.

• Neither visibility nor cloud base height forecasts from HARMONIE-AROME have im-
proved during the 4 years verified. Visibility is on average under-forecasted, with the
most accurate forecasts in the southern and coastal regions, while visibility in fog is
slightly over-forecasted. The mean error of the cloud base height forecasts for low clouds
turned from negative to positive at an update to cycle 40h1.1 and from July 2017 to
January 2018 the model strongly over-forecasted the cloud base heights for reasons un-
known. The overall cloud base height forecasts are higher than the observed.

• HARMONIE-AROME is found to have a relative increase in false alarms and misses
when the wind does not come from the prevailing wind direction, possibly in part due to
the effects of the sea and the mountain range. These wind directions also show a relative
increase in the number of hits, and any definite conclusion about wind direction difficulty
can therefor not be drawn.
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• Comparing HARMONIE-AROME, ECMWF-IFS and WRF, the former is found to have
the most accurate forecasts of visibility in fog, possibly due to its high resolution and
visibility parameterization, but ECMWF-IFS is most accurate for larger visibility val-
ues, despite its coarse resolution. A possible reason for this may be the usage of more
realistic aerosol data. For the cloud base height forecasts WRF is the most successful
for both lower and higher clouds, marginally better than ECMWF-IFS, contrary to the
perception that the use of satellite data in the assimilation process should improve the
forecasts. Hence the parameterizations of the WRF model might be superior to those of
HARMONIE-AROME and ECMWF-IFS. Based on the case studies performed, which
model is the best can vary greatly from time to time. Using the mean of the cluster of
grid points closest to each station does not affect the verification results significantly.

• To improve the visibility forecasts the resolutions (both horizontally and vertically) and
parameterizations have to improve, for example by incorporating the droplet number
concentration, or by using single column models and more realistic aerosol number con-
centration and size distribution. The cloud base height forecast accuracy depend on the
accuracy of the clouds themselves, which may be improved by better resolutions and
parameterizations of turbulence, radiation and microphysics. For example the moments
in the bulk cloud microphysics scheme could be increased, at the cost of computational
time. A 4D-Var data assimilation with the use of satellite imagery could further improve
HARMONIE-AROME and WRF.

• More and longer studies regarding the model accuracy of visibility and cloud base height
are desirable, with sensitivity studies for each model, to find definite causes of their short-
comings and differences, and also including occasions without observation and model
data. Future model changes and improvements specifically directed towards these two
parameters would be beneficial.
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Appendix 1: SYNOP stations

Table 18. SYNOP staions used in the study, divided into five regions.

Station name Latitude Longitude Altitude [m]
North inland

Kiruna Airport 67.821386 20.335562 459.94
Nattavaara 65.8237 20.923763 327.63

Östersund-Frösön Airport 63.194446 14.500268 375.81
Sveg 62.046231 14.406853 357.19

North coast
Haparanda 65.8237 24.111235 13.24
Rödkallen 65.312069 22.37093 1.93
Holmön 63.806963 20.864478 6.54

Umeå Airport 63.793058 20.280006 7.31
Sundsvall-Härnösand Airport 62.529445 17.44277 5.18

Kuggören 61.702663 17.521596 8.57

Middle
Borlänge Airport 60.422218 15.514991 153.61

Svanberga 59.831706 18.631254 14.82
Stockholm-Arlanda Airport 59.651943 17.918603 41.45

Örebro Airport 59.228053 15.040002 58.52
Kettstaka 58.716164 15.027133 224.88

Naven 58.699452 13.108385 53
Kroppefjäll-Granan 58.606504 12.197295 173.75
Norrköping SMHI 58.582785 16.147034 40.33

South
Rångedala 57.784635 13.164167 297.47

Göteborg-Landvetter Airport 57.660003 12.291118 154.53
Växjö 56.846284 14.829566 198.86

Ronneby-Bredåkra 56.267132 15.268036 58
Malmö-Sturup Airport 55.54833 13.353339 71.93

South coast
Örskär 60.525619 18.372944 6.54

Landsort 58.742854 17.868392 17.48
Gotska Sandön 58.393938 19.193992 15.91
Visby Airport 57.662781 18.346105 49.98

Vinga 57.632214 11.604796 18.21
Hoburg 56.920945 18.150568 34.12

Ölands Södra Udde 56.19766 16.400492 1.53
Falsterbo 55.383698 12.8166 1.58
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Appendix 2: Additional long-range verification results

Table 19. HARMONIE-AROME Change Notifications.

Abbreviation Date Type of change
A 2016-03-17 09 UTC Assimilation of ASCAT data. Reduced sensitivity to

deep soil temperature to T2M observations increments.

B 2016-06-02 09 UTC Increased sensitivity to deep soil temperature to T2M

observations increments and snow melt modifications.

C 2016-11-08 03 UTC Update to harmonie-40h1.1 and introduction of Met-

CoOp EPS (MEPS).

D 2017-01-25 09 UTC Corrections in micro physics.

E 2017-02-15 03 UTC Corrections in gustiness and new parameters.

F 2017-03-02 12 UTC Increased output frequency and pertubation update.

G 2017-04-26 03 UTC Updates in assimilation and postprocessing.

H 2017-06-14 03 UTC Introduction to surface pertubations in the ensemble

and switch to new HPC.

I 2017-09-06 03 UTC Increased domain and FMI fully operational.

J 2017-12-12 09 UTC Various assimilation changes.

K 2018-03-21 Major upgrade of MEPS.

L 2018-12-10 New model version and output changes.

M 2019-01-23 09 UTC Emergency fix in observation extraction.

N 2019-01-29 09 UTC Correction of pertubations in initial time.

O 2019-04-10 09 UTC IASI VarBC update.

P 2019-04-30 09 UTC Corrections and updates to GRIB output.

Q 2019-05-14 09 UTC Update of integrated graupel.
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Figure 25. The mean error of the fog visibility forecasts from HARMONIE-AROME, taken as the mean of all
lead times, for all 31 stations and the time periods defined by the model changes (see Table 19). The upper left
map, named 0, shows the mean error before model change A. No data is available for stations marked with a white
cross.

Figure 26. The mean error of the visibility forecasts from HARMONIE-AROME, taken as the mean of all lead
times, for all 31 stations and the time periods defined by the model changes (see Table 19). The upper left map,
named 0, shows the mean error before model change A. No data is available for stations marked with a white
cross.
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Figure 27. The mean error of the low cloud base height forecasts from HARMONIE-AROME, taken as the mean
of all lead times, for all 31 stations and the time periods defined by the model changes (see Table 19). The upper
left map, named 0, shows the mean error before model change A. No data is available for stations marked with a
white cross.

Figure 28. The mean error of the low-middle cloud base height forecasts from HARMONIE-AROME, taken as
the mean of all lead times, for all 31 stations and the time periods defined by the model changes (see Table 19).
The upper left map, named 0, shows the mean error before model change A. No data is available for stations
marked with a white cross.
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Figure 29. The mean error of the middle cloud base height forecasts from HARMONIE-AROME, taken as the
mean of all lead times, for all 31 stations and the time periods defined by the model changes (see Table 19). The
upper left map, named 0, shows the mean error before model change A. No data is available for stations marked
with a white cross.
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Table 20. The mean error of the ECMWF-IFS visibility forecasts, for fog, mist and all visibility ranges, taken as
the mean of all stations over the whole time period. The counts show the mean number of times that the model
forecasted > 1.5 km and > 12 km, while the observations reported < 1 km and < 10 km respectively.

Visibility - Mean error, mean absolute error and counts over, for ECMWF-IFS long-range verification

ME [km] MAE [km] Counts over
< 1 km < 10 km All < 1 km < 10 km All < 1 km < 10 km

Total 0.19 -0.33 -0.16 0.39 3.1 14 193 304
North inland 0.22 -0.99 -8.5 0.37 3.0 13 259 299
North coast 0.12 -0.032 -1.5 0.35 3.2 14 148 155

Middle 0.29 -1.1 -2.0 0.40 3.0 14 147 164
South 0.25 -1.1 0.48 0.40 3.1 15 158 268

South coast 0.11 0.99 6.8 0.36 2.7 14 218 526

Table 21. The mean error of the ECMWF-IFS cloud base height forecasts, for low clouds, low-middle clouds,
middle clouds, and all clouds, taken as the mean of all stations over the whole time period.

Cloud base height - Mean error ans mean absolute error, for ECMWF-IFS long-range verification

ME [km] MAE [km]
< 2 km < 3 km 2-6 km All < 2 km < 3 km 2-6 km All

Total 0.10 0.18 0.66 0.97 0.34 0.48 1.1 1.3
North inland -0.018 0.053 0.71 0.65 0.32 0.42 1.0 1.1
North coast 0.12 0.20 0.69 0.90 0.38 0.55 1.2 1.5

Middle 0.087 0.13 0.69 0.94 0.36 0.51 1.2 1.3
South 0.11 0.18 0.65 0.99 0.32 0.46 1.2 1.1

South coast 0.16 0.24 0.58 1.2 0.32 0.45 0.97 1.0

Table 22. The counts over/under of the ECMWF-IFS cloud base height forecasts, showing the mean number of
times that the model forecasted over/under limits of 2.3 km, 3.7 km, and 1.7 km-6.7 km, while the observations
reported < 2 km, < 3 km and 2-6 km respectively.

Cloud base height - Counts over and under, for ECMWF-IFS long-range verification

Counts over Counts under
< 2 km < 3 km 2-6 km 2-6 km

Total 528 456 264 347
North inland 538 458 247 272
North coast 557 487 268 245

Middle 530 453 266 416
South 466 399 237 153

South coast 539 471 286 226

66



Figure 30. The mean error of the visibility fore-
casts from HARMONIE-AROME as a function of
the forecasted time of day. (Forecasts for 13.00 has
been neglected due to aesthetic reasons.) a) The
mean error for each region in dotted lines and all
stations in the solid line. b) Box plots of the mean
error of all stations. The red lines are the medi-
ans, the bottom and top of the blue boxes are the
25th and 75th percentiles respectively, the whiskers
show the most extreme data points and the red plus-
symbols (+) show the outliers.

...

Figure 31. The mean error of the cloud base height
forecasts from HARMONIE-AROME as a function
of the forecasted time of day. (Forecasts for 13.00
has been neglected due to aesthetic reasons.) a) The
mean error for each region in dotted lines and all
stations in the solid line. b) Box plots of the mean
error of all stations. The red lines are the medi-
ans, the bottom and top of the blue boxes are the
25th and 75th percentiles respectively, the whiskers
show the most extreme data points and the red plus-
symbols (+) show the outliers.
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Appendix 3: Additional short-range verification results

Figure 32. The mean error (in [km]) of the fog visibility forecasts from HARMONIE-AROME, ECMWF-IFS
and WRF taken as the mean of all lead times, for all 31 stations and for each month, using only model data < 1.5
km and observation data < 1 km. No data is available for stations marked with a white cross.
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Figure 33. The mean error (in [km]) of the visibility forecasts from HARMONIE-AROME, ECMWF-IFS and
WRF taken as the mean of all lead times, for all 31 stations and for each month.
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Table 23. The mean error and mean absolute error (in [km]), for occasions with fog, mist and all data, and skill
scores, both excluding and including the upper limit, from the HARMONIE-AROME, ECMWF-IFS and WRF
visibility forecasts from November 2019 to January 2020, taken as the mean over all lead times.

Visibility - Mean error, mean absolute error and skill scores, short-range verification

ME [km] MAE [km] FAR MR
< 1 km < 10 km All < 1 km < 10 km All < 5 km All < 5 km All

HA-AROME 0.13 -0.93 -2.6 0.39 2.9 5.4 0.88 0.27 0.69 0.12
North inland 0.27 -0.97 -5.5 0.30 3.0 5.3 0.90 0.37 0.64 0.14
North coast 0.16 -0.30 -2.2 0.51 2.8 5.9 0.84 0.21 0.67 0.10

Middle 0.09 -1.7 -4.2 0.34 2.8 6.3 0.89 0.35 0.62 0.15
South -0.02 -1.6 -5.0 0.45 3.3 5.7 0.89 0.43 0.61 0.14

South coast 0.01 0.12 1.6 0.41 2.8 4.7 0.89 0.08 0.90 0.09

ECMWF-IFS 0.36 -0.53 -1.3 0.43 3.0 5.0 0.86 0.24 0.74 0.14
North inland 0.34 -0.33 -3.5 0.64 2.9 5.6 0.87 0.27 0.66 0.11
North coast 0.26 0.47 -1.4 0.46 3.0 5.7 0.83 0.18 0.70 0.11

Middle 0.40 -2.0 -3.2 0.46 2.9 5.7 0.88 0.34 0.73 0.18
South 0.39 -1.7 -3.1 0.32 3.3 5.2 0.84 0.42 0.60 0.18

South coast 0.22 2.2 2.9 0.52 2.9 4.4 0.79 0.04 0.94 0.10

WRF -0.40 -3.2 -2.2 0.50 3.9 5.5 0.97 0.36 0.82 0.11
North inland -0.52 -2.5 -5.2 0.57 3.4 5.8 0.99 0.47 0.84 0.09
North coast -0.51 -3.4 -3.5 0.44 4.1 6.8 0.98 0.39 0.75 0.08

Middle -0.29 -3.3 -1.3 0.51 3.7 6.7 0.96 0.35 0.82 0.14
South -0.38 -2.8 -0.51 0.46 4.1 6.5 0.92 0.38 0.82 0.17

South coast -0.25 -3.5 -1.6 0.51 4.0 4.6 0.97 0.29 0.82 0.07
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Figure 34. The mean error (in [km] and [hft]) of the low cloud base height forecasts from HARMONIE-AROME,
ECMWF-IFS and WRF taken as the mean of all lead times, for all 31 stations and for each month, using only
model data < 2.3 km and observation data < 2 km. No data is available for stations marked with a white cross.
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Table 24. The mean error and mean absolute error (in [km]), for occasions with low clouds and all data, and skill
scores, both excluding and including the upper limit, from the HARMONIE-AROME, ECMWF-IFS and WRF
cloud base height forecasts from November 2019 to January 2020, taken as the mean over all lead times.

Cloud base height - Mean error, mean absolute error and skill scores, short-range verification

ME [km] MAE [km] FAR MR
< 2 km All < 2 km All < 460 m All < 460 m All

HA-AROME 0.17 0.31 0.33 0.70 0.46 0.22 0.77 0.46
North inland 0.08 0.29 0.27 0.59 0.74 0.35 0.78 0.36
North coast 0.20 0.26 0.34 0.53 0.50 0.21 0.83 0.43

Middle 0.19 0.34 0.31 0.61 0.46 0.22 0.78 0.48
South 0.14 0.31 0.39 0.69 0.42 0.27 0.72 0.55

South coast 0.20 0.31 0.34 0.84 0.38 0.11 0.80 0.42

ECMWF-IFS 0.06 0.20 0.29 0.65 0.54 0.29 0.69 0.40
North inland -0.06 0.12 0.26 0.53 0.76 0.39 0.66 0.28
North coast 0.12 0.14 0.28 0.46 0.55 0.26 0.75 0.37

Middle 0.06 0.18 0.26 0.60 0.58 0.34 0.64 0.39
South 0.01 0.24 0.32 0.67 0.47 0.35 0.63 0.50

South coast 0.13 0.29 0.30 0.75 0.43 0.15 0.79 0.43

WRF 0.001 0.10 0.29 0.64 0.65 0.37 0.68 0.39
North inland -0.16 0.007 0.26 0.54 0.85 0.47 0.67 0.25
North coast -0.02 -0.03 0.30 0.46 0.73 0.38 0.71 0.33

Middle -0.02 0.13 0.27 0.56 0.64 0.38 0.69 0.42
South 0.06 0.25 0.35 0.69 0.57 0.42 0.70 0.54

South coast 0.02 0.10 0.34 0.76 0.60 0.29 0.69 0.35
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Appendix 4: Additional grid point comparison results

Table 25. The mean error and mean absolute error (in [km]), for occasions with fog, mist and all data, and skill
scores, both excluding and including the upper limit, from the HARMONIE-AROMEvisibility forecasts from late
December 2019 to January 2020, using the nearest (n) and best b grid point, and a mean of the 16/9 grid points in
each cluster, taken as the mean over all lead times.

Visibility - Mean error, mean absolute error and skill scores, grid-point comparison

HA-AROME
ME [km] MAE [km] FAR MR

< 1 km < 10 km All < 1 km < 10 km All < 5 km All < 5 km All

n 0.14 -0.89 -2.5 0.35 2.9 4.9 0.88 0.22 0.70 0.09
North inland 0.30 -0.77 -4.6 0.42 2.5 5.7 0.89 0.27 0.61 0.09
North coast 0.14 0.09 -2.1 0.30 2.6 3.6 0.83 0.18 0.72 0.10

Middle 0.06 -1.5 -4.1 0.42 3.3 5.6 0.92 0.25 0.66 0.09
South 0.07 -1.6 -4.8 0.37 2.9 6.0 0.88 0.39 0.58 0.12

South coast 0.07 -0.24 1.3 0.48 3.2 4.3 0.92 0.08 0.90 0.07

b 0.12 -0.35 -1.8 0.23 1.9 3.0 0.69 0.14 0.46 0.06
North inland 0.19 -0.16 -2.9 0.21 1.9 3.5 0.76 0.17 0.43 0.06
North coast 0.16 -0.05 -1.1 0.23 1.6 1.8 0.59 0.11 0.39 0.05

Middle 0.002 -0.76 -2.9 0.24 1.8 3.5 0.72 0.14 0.36 0.04
South 0.03 -1.3 -4.1 0.21 2.2 5.1 0.75 0.29 0.39 0.08

South coast 0.22 0.77 0.73 0.31 1.9 2.0 0.72 0.04 0.72 0.05

mp 0.23 -0.59 -2.1 0.42 2.9 4.7 0.87 0.20 0.72 0.09
North inland 0.40 -0.27 -4.1 0.50 2.5 5.3 0.89 0.24 0.66 0.09
North coast 0.30 0.36 -1.6 0.43 2.7 3.2 0.83 0.15 0.77 0.10

Middle 0.13 -1.3 -3.9 0.53 3.2 5.3 0.91 0.23 0.70 0.09
South 0.12 -1.6 -4.7 0.40 2.9 6.0 0.89 0.39 0.62 0.13

South coast -0.02 0.34 1.9 0.31 3.1 4.0 0.89 0.06 0.87 0.07

Table 26. The mean error and mean absolute error (in [km]), for occasions with fog, mist and all data, and
skill scores, both excluding and including the upper limit, from the ECMWF-IFS visibility forecasts from late
December 2019 to January 2020, using the nearest (n) and best b grid point, and a mean of the 16/9 grid points in
each cluster, taken as the mean over all lead times.

Visibility - Mean error, mean absolute error and skill scores, grid-point comparison

ECMWF-IFS
ME [km] MAE [km] FAR MR

< 1 km < 10 km All < 1 km < 10 km All < 5 km All < 5 km All

n 0.35 -0.53 -1.2 0.39 3.1 4.6 0.86 0.20 0.75 0.12
North inland 0.32 -0.12 -2.9 0.37 2.8 3.9 0.90 0.20 0.72 0.08
North coast 0.26 1.1 -1.6 0.32 2.9 3.0 0.80 0.16 0.71 0.11

Middle 0.55 -2.1 -2.9 0.59 2.7 5.3 0.90 0.25 0.75 0.12
South 0.41 -1.7 -3.2 0.48 2.7 6.2 0.86 0.40 0.61 0.17

South coast 0.20 2.4 2.8 0.20 3.5 4.4 0.84 0.04 0.95 0.09

b 0.36 -0.21 -0.77 0.37 2.5 3.7 0.73 0.15 0.67 0.10
North inland 0.29 0.47 -2.3 0.31 2.8 3.2 0.84 0.16 0.66 0.07
North coast 0.22 0.92 -1.1 0.26 2.3 2.2 0.64 0.13 0.65 0.09

Middle 0.65 -1.7 -2.6 0.66 3.2 4.6 0.87 0.22 0.65 0.10
South 0.39 -1.2 -2.3 0.40 2.0 4.8 0.67 0.30 0.52 0.14

South coast 0.29 2.5 3.0 0.29 2.9 3.6 0.37 0.01 0.88 0.08

mp 0.40 -0.34 -1.1 0.43 3.1 4.5 0.85 0.19 0.76 0.12
North inland 0.38 -0.09 -2.8 0.42 2.9 3.9 0.90 0.19 0.72 0.08
North coast 0.33 1.1 -1.4 0.38 2.9 2.9 0.78 0.16 0.71 0.11

Middle 0.55 -2.2 -2.8 0.59 3.7 5.2 0.90 0.24 0.78 0.13
South 0.38 -1.3 -2.8 0.43 2.7 6.1 0.83 0.37 0.65 0.18

South coast 1.0 2.7 2.9 1.0 3.5 4.3 0.79 0.03 0.94 0.09
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Table 27. The mean error and mean absolute error (in [km]), for occasions with fog, mist and all data, and skill
scores, both excluding and including the upper limit, from the WRF visibility forecasts from late December 2019
to January 2020, using the nearest (n) and best b grid point, and a mean of the 16/9 grid points in each cluster,
taken as the mean over all lead times.

Visibility - Mean error, mean absolute error and skill scores, grid-point comparison

WRF
ME [km] MAE [km] FAR MR

< 1 km < 10 km All < 1 km < 10 km All < 5 km All < 5 km All

n -0.42 -3.2 -1.6 0.50 3.9 4.7 0.97 0.29 0.80 0.09
North inland -0.52 -2.4 -4.8 0.60 2.8 5.5 0.98 0.38 0.82 0.09
North coast -0.52 -3.3 -2.8 0.56 3.6 3.8 0.99 0.31 0.79 0.08

Middle -0.36 -3.7 -1.1 0.49 4.5 4.3 0.98 0.25 0.77 0.08
South -0.41 -2.7 -0.23 0.46 3.6 5.6 0.93 0.35 0.78 0.14

South coast -0.31 -3.2 -0.37 0.46 4.0 5.0 0.98 0.22 0.85 0.06

b -0.43 -2.5 -1.1 0.48 3.2 3.4 0.90 0.23 0.55 0.05
North inland -0.47 -2.0 -3.5 0.54 2.6 4.1 0.95 0.32 0.51 0.05
North coast -0.54 -3.2 -2.4 0.54 3.3 3.1 0.98 0.28 0.52 0.03

Middle -0.45 -3.2 -0.82 0.54 3.8 2.9 0.88 0.19 0.51 0.05
South -0.38 -1.8 0.03 0.42 2.8 3.6 0.78 0.25 0.60 0.10

South coast -0.32 -2.0 0.20 0.41 2.9 3.5 0.90 0.16 0.55 0.04

mp -0.39 -2.5 -1.5 0.49 3.9 4.5 0.97 0.25 0.85 0.09
North inland -0.48 -2.2 -4.6 0.60 2.8 5.3 0.98 0.36 0.83 0.09
North coast -0.52 -3.3 -2.9 0.54 3.6 3.7 0.99 0.30 0.82 0.07

Middle -0.29 -2.8 -1.2 0.46 4.4 4.1 0.98 0.22 0.81 0.08
South -0.35 -1.7 -0.07 0.42 3.7 5.2 0.96 0.29 0.86 0.15

South coast -0.46 -2.1 -0.19 0.50 4.3 4.7 0.96 0.18 0.87 0.06

Table 28. The mean error (in [km]) and mean absolute error (in [km]), for occasions with low clouds and all data,
and skill scores, both excluding and including the upper limit, from the HARMONIE-AROME cloud base height
forecasts from late December 2019 to January 2020, using the nearest (n) and best b grid point, and a mean of the
16/9 grid points in each cluster, taken as the mean over all lead times.

Cloud base height - Mean error, mean absolute error and skill scores, grid-point comparison

HA-AROME
ME [km] MAE [km] FAR MR

< 2 km All < 2 km All < 460 m All < 460 m All

n 0.19 0.32 0.33 0.78 0.39 0.18 0.77 0.42
North inland 0.19 0.47 0.60 1.1 0.73 0.26 0.85 0.32
North coast 0.25 0.31 0.36 0.82 0.46 0.17 0.84 0.36

Middle 0.20 0.32 0.32 0.84 0.34 0.17 0.77 0.44
South 0.14 0.31 0.24 0.48 0.41 0.27 0.72 0.56

South coast 0.20 0.23 0.31 0.76 0.32 0.11 0.79 0.39

b 0.13 0.20 0.23 0.62 0.25 0.12 0.64 0.35
North inland 0.12 0.33 0.36 0.84 0.59 0.19 0.64 0.26
North coast 0.25 0.17 0.24 0.65 0.29 0.11 0.70 0.26

Middle 0.13 0.17 0.23 0.66 0.25 0.12 0.65 0.37
South 0.10 0.22 0.18 0.37 0.19 0.14 0.58 0.46

South coast 0.15 0.15 0.24 0.62 0.17 0.07 0.70 0.35

mp 0.16 0.31 0.35 0.81 0.51 0.20 0.78 0.41
North inland 0.15 0.48 0.51 1.1 0.72 0.22 0.85 0.29
North coast 0.19 0.30 0.42 0.89 0.57 0.17 0.82 0.32

Middle 0.16 0.30 0.35 0.85 0.55 0.20 0.78 0.45
South 0.14 0.34 0.25 0.52 0.44 0.30 0.73 0.57

South coast 0.16 0.21 0.33 0.79 0.47 0.13 0.76 0.37
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Table 29. The mean error and mean absolute error (in [km]), for occasions with low clouds and all data, and skill
scores, both excluding and including the upper limit, from the ECMWF-IFS cloud base height forecasts from late
December 2019 to January 2020, using the nearest (n) and best b grid point, and a mean of the 16/9 grid points in
each cluster, taken as the mean over all lead times.

Cloud base height - Mean error, mean absolute error and skill scores, grid-point comparison

ECMWF-IFS
ME [km] MAE [km] FAR MR

< 2 km All < 2 km All < 460 m All < 460 m All

n 0.08 0.19 0.30 0.73 0.52 0.26 0.68 0.37
North inland -0.01 0.18 0.44 0.90 0.75 0.34 0.68 0.25
North coast 0.21 0.24 0.36 0.77 0.46 0.17 0.80 0.32

Middle 0.07 0.13 0.29 0.75 0.55 0.29 0.61 0.35
South -0.003 0.20 0.19 0.47 0.48 0.39 0.62 0.50

South coast 0.11 0.22 0.27 0.78 0.48 0.16 0.78 0.40

b 0.06 0.11 0.24 0.63 0.40 0.21 0.57 0.31
North inland -0.001 0.08 0.34 0.78 0.67 0.25 0.63 0.20
North coast 0.17 0.18 0.30 0.70 0.35 0.13 0.73 0.28

Middle 0.04 0.05 0.24 0.67 0.40 0.23 0.47 0.26
South -0.001 0.16 0.16 0.40 0.37 0.30 0.50 0.41

South coast 0.07 0.10 0.21 0.65 0.34 0.14 0.65 0.36

mp 0.08 0.19 0.32 0.75 0.56 0.28 0.68 0.37
North inland -0.009 0.13 0.43 0.89 0.77 0.33 0.70 0.24
North coast 0.23 0.25 0.41 0.80 0.52 0.19 0.80 0.31

Middle 0.04 0.13 0.31 0.75 0.58 0.32 0.62 0.35
South 0.02 0.23 0.21 0.50 0.49 0.38 0.62 0.52

South coast 0.11 0.20 0.29 0.83 0.58 0.19 0.78 0.40

Table 30. The mean error and mean absolute error (in [km]), for occasions with low clouds and all data, and
skill scores, both excluding and including the upper limit, from the WRF cloud base height forecasts from late
December 2019 to January 2020, using the nearest (n) and best b grid point, and a mean of the 16/9 grid points in
each cluster, taken as the mean over all lead times.

Cloud base height - Mean error, mean absolute error and skill scores, grid-point comparison

WRF
ME [km] MAE [km] FAR MR

< 2 km All < 2 km All < 460 m All < 460 m All

n -0.04 0.06 0.29 0.70 0.69 0.39 0.65 0.34
North inland -0.17 0.10 0.53 0.92 0.90 0.41 0.83 0.23
North coast -0.05 -0.06 0.30 0.80 0.74 0.37 0.73 0.26

Middle -0.04 0.11 0.25 0.70 0.64 0.37 0.64 0.38
South 0.02 0.19 0.21 0.48 0.62 0.50 0.62 0.49

South coast -0.04 -0.05 0.27 0.67 0.66 0.34 0.60 0.26

b -0.04 -0.01 0.24 0.60 0.56 0.32 0.50 0.26
North inland -0.12 0.02 0.41 0.74 0.84 0.38 0.69 0.17
North coast -0.06 -0.10 0.26 0.69 0.64 0.31 0.57 0.17

Middle -0.03 0.04 0.21 0.60 0.52 0.31 0.46 0.28
South -0.008 0.15 0.17 0.40 0.45 0.34 0.49 0.40

South coast -0.05 -0.15 0.22 0.61 0.56 0.28 0.51 0.23

mp -0.006 0.21 0.30 0.82 0.66 0.35 0.67 0.35
North inland -0.09 0.34 0.54 1.0 0.82 0.31 0.83 0.23
North coast -0.02 0.04 0.33 0.85 0.73 0.34 0.71 0.26

Middle -0.01 0.27 0.26 0.83 0.63 0.36 0.67 0.39
South 0.05 0.38 0.23 0.63 0.57 0.45 0.66 0.53

South coast -0.009 0.07 0.29 0.82 0.64 0.31 0.64 0.29
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